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Abstract

Artificial intelligence (Al)-enhanced virtual simulation has emerged as a transformative approach
for advancing vocational engineering education by addressing limitations of traditional
workshop-based training. This study develops and evaluates an Al-enhanced virtual simulation
system that integrates pedagogical, functional, and technical alignment under the pedagogical-
functional-technical mapping framework. A six-week quasi-experimental study involving 80
students in a cement process control course was conducted. The proposed system combines
intelligent tutoring, adaptive task sequencing, and real-time performance analytics to personalize
learning pathways according to individual skill levels and learning progress. By simulating
authentic industrial scenarios, the platform enables learners to practice complex engineering
operations safely and repeatedly, while receiving immediate, data-driven feedback on procedural
accuracy, efficiency, and decision-making. The framework is pedagogically grounded in
experiential and mastery-based learning, functionally aligned with occupational standards, and
technically supported by Al models for learner modeling and assessment. The findings highlight
the potential of Al-enhanced virtual simulation to improve skill acquisition, learning engagement,
and training scalability, offering a robust digital solution for future-ready vocational engineering
education. Results indicate statistically significant improvements in learning performance and
operational efficiency for the experimental group. These outcomes should be interpreted
cautiously given the study’s contextual and methodological constraints.

Keywords: Al-enhanced simulation, vocational engineering education, formative assessment,

instructional design alignment, learning analytics, education quality

INTRODUCTION

Simulation-based teaching has become a core
component of vocational and engineering education,
particularly in process-intensive domains such as
manufacturing, energy systems, and materials
engineering. Virtual simulation environments enable
learners to practice complex operations without physical
risk or excessive resource consumption, and prior
studies have shown benefits in terms of engagement and
procedural accuracy (Radianti et al., 2020). However,
despite increasing technical sophistication, many
simulation platforms continue to exhibit persistent
pedagogical limitations.

One widely reported issue is that simulation
activities often devolve into repetitive interface

manipulation or “button pressing,” where learners
follow prescribed operational steps without engaging in
deeper reasoning about process logic or system behavior
(Garcia-Robles et al. 2024). Empirical studies indicate
that such use of simulation does not necessarily lead to
improved conceptual understanding or transferable
problem-solving skills. In addition, many existing
platforms rely on uniform task sequences and generic
feedback, offering limited support for personalized
learning or self-regulated practice. These limitations are
not purely technical; rather, they reflect a misalignment
among instructional objectives, system functions, and
technical implementation.

Recent research has explored the integration of
artificial intelligence (Al) into simulation systems to
address these challenges through intelligent tutoring,
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Contribution to the literature

e This study proposes a PFT-M-based Al-enhanced simulation framework that aligns learning objectives,

system functions, and Al implementation.

e This study reports evidence from a six-week quasi-experimental intervention, showing improved learning

performance and operational efficiency.

e This study offers a human-centered approach to Al-supported vocational education through formative

feedback, adaptive learning, and learning analytics.

automated assessment, and adaptive feedback. While
Al-enhanced simulation systems show promise, most
existing implementations emphasize algorithmic
capabilities — such as classification accuracy or dialogue
generation — without explicitly mapping Al functions to
curriculum objectives or competency structures. As a
result, Al is often introduced as an auxiliary feature
rather than embedded as an integral component of
pedagogical  design.  Moreover, few  studies
systematically examine how Al-supported feedback
influences learners’ reasoning processes over time or
how automated assessment aligns with instructor
judgment in authentic classroom settings (Zawacki-
Richter et al., 2019).

From an Industry 5.0 perspective, these shortcomings
are particularly problematic. Industry 5.0 emphasizes
human-centered systems, resilience, and responsible
human-machine collaboration rather than efficiency-
driven automation alone. In vocational engineering
education, this implies that learners should develop
competencies such as reflective decision-making under
constraints, adaptive responses to system disturbances,
and informed interaction with intelligent systems.
However, these competencies are rarely operationalized
in existing simulation studies. Human-centered design
is often reduced to usability considerations, resilience is
addressed primarily at the system level, and ethical or
responsible Al is seldom examined in relation to learner
behavior or assessment criteria. In this study, Industry
5.0 principles are used as a conceptual lens to inform
system design priorities rather than as a set of directly
measured outcome variables.

A key reason for these limitations lies in the lack of a
coherent design framework that explicitly links
pedagogical intent, functional modules, and technical
implementation. Although various instructional design
models and simulation frameworks have been
proposed —such as task-based training models,
competency-oriented curricula, and adaptive learning
architectures—many treat pedagogy and system
architecture as loosely coupled layers. Consequently,
feedback mechanisms, assessment logic, and Al
functions are not systematically aligned with learning
objectives, leading to fragmented or superficial
educational outcomes.

To overcome this limitation, this study adopts and
refines the pedagogical-functional-technical mapping
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(PFT-M) framework as a guiding principle for the design
of Al-enhanced simulation systems. Unlike general
instructional design models, PFT-M requires explicit
mapping between pedagogical objectives,
corresponding system functions, and concrete technical
implementations. In this work, the framework is
operationalized in a vocational cement process control
course, where learning objectives are translated into Al-
supported argumentation, automated process
assessment, and data-driven personalized practice.
Rather than claiming universal applicability, the study
evaluates the practical value of this explicit alignment by
examining whether it leads to measurable
improvements in learning performance, self-directed
learning, and assessment reliability.

Accordingly, the paper addresses the following
research questions (RQs):

RQ1: How does an Al-enhanced simulation system
designed wunder the PFI-M framework
influence students” conceptual understanding
and operational performance?

RQ2: What role does data-driven, Al-supported

feedback play in supporting self-regulated

learning and instructional decision-making?

RQ3: To what extent can a PFT-M-guided design

support Industry 5.0-oriented competencies in

a vocational engineering context?

By grounding these questions in a concrete system
implementation and empirical evaluation, this study
seeks to move beyond generic claims of Al effectiveness
and contribute a critically examined design-and-
evaluation case to the engineering education literature.

LITERATURE REVIEW

Simulation-Based Teaching in Vocational Education

Simulation-based teaching has become a key
approach in vocational and engineering programs.
Virtual plants, digital twins, and remote laboratories
enable students to practice operating procedures and
fault handling with reduced risk and cost (Vergara et al.,
2022; Zhang & Liu, 2023). Studies have reported benefits
such as higher engagement and improved procedural
accuracy, particularly in hazardous domains like
chemical process control and power systems (Zhai &
Wibowo, 2023). At the same time, there is concern that



EURASIA | Math Sci Tech Ed, 2026, 22(6), em2847

many simulation activities remain close to “button
pressing” and do not sufficiently develop conceptual
understanding or transfer of learning to new tasks.

Integration of Artificial Intelligence in Simulation
Systems

The integration of Al into educational simulation has
opened new possibilities for intelligent tutoring,
automated assessment, and real-time feedback. AI can
analyze learner behaviors, identify misconceptions, and
generate personalized guidance through natural
language understanding and pattern recognition (Roll &
Wylie, 2016).

Recent studies have incorporated Al-driven
evaluation modules, yet many of these approaches focus
primarily on algorithmic sophistication, neglecting
pedagogical alignment with curriculum objectives (Liu
et al., 2025). In vocational contexts, where competency-
based outcomes are emphasized, the absence of a
systematic mapping between instructional goals and Al
system functions often limits the educational value of
technological innovation.

Pedagogical and Learning Theories

Constructivist learning theory asserts that learners
actively construct knowledge through exploration,
reflection, and interaction. Simulation environments
embody this principle by enabling learners to test
hypotheses and observe outcomes in a safe, virtual
space.

Adaptive learning theory further expands this
perspective by emphasizing the dynamic adjustment of
learning paths based on individual learner data and
performance. In simulation teaching, this approach
allows the system to tailor scenarios and exercises
according to each learner’s progress and difficulties.

Formative assessment theory highlights the
importance of continuous feedback and reflection
during the learning process (Anderson, 2001). In an Al-
enhanced simulation context, formative assessment is
implemented through data-driven analytics, automatic
grading, and individualized performance reports that
support both self-regulation and teacher intervention.

Research on Frameworks for Simulation Design

Several researchers have attempted to establish
structured frameworks that integrate pedagogical
principles into simulation system design. Early models
focused on task-based training structures, while later
frameworks incorporated competency mapping and
feedback loops. Nevertheless, most of these designs treat
educational, functional, and technical layers separately,
which often leads to feature stacking and a lack of
coherence between curriculum goals and platform
architecture.

The PFT-M framework addresses this issue by
providing a unified structure that aligns teaching
objectives, system functionalities, and technological
implementations. It bridges the gap between
instructional theory and practical design, offering a
scalable approach for building adaptive and
competency-oriented simulation platforms (Segovia et
al., 2016).

Research Gaps and Rationale

Although research on Al-supported education and
virtual simulation has progressed rapidly, several gaps
remain particularly salient for vocational engineering
education:

1. Empirical evaluations of Al-enhanced simulation
systems in real teaching environments are still
limited.

2. Many systems lack clear alignment between
instructional objectives, platform functionalities,
and technical implementation.

3. The integration of adaptive learning mechanisms
and data-driven formative assessment is often
weak or fragmented.

These gaps suggest the need for a systematic design
framework that can connect pedagogical intent with
system architecture and that embeds continuous
performance feedback within authentic simulation tasks.

RESEARCH DESIGN AND SYSTEM
OVERVIEW

This section first introduces the overall research
design, followed by the theoretical framework, system
architecture, and implementation mechanisms.

Research Design Overview

This study adopts a quasi-experimental design
conducted over six weeks in a vocational cement process
control course. A total of 80 students participated and
were divided into an experimental group (n = 40) and a
control group (n = 40). The grouping followed existing
class arrangements rather than random assignment,
which reflects authentic classroom conditions but limits
strict causal inference. Baseline equivalence was
assumed based on similar academic background and
course exposure.

Both groups followed the same syllabus, learning
objectives, and instructional schedule. The control group
used a conventional simulation platform with instructor-
guided procedures, while the experimental group used
the Al-enhanced simulation system designed under the
PFT-M framework.

The instructional intervention consisted of weekly
simulation tasks aligned with course topics, including
process configuration, parameter tuning, and fault
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Table 1. Mapping of pedagogical objectives, functional modules, and technical implementation

Pedagogical Functional module

Technical implementation

Understand process flow
Master operational skills
Evaluate system states
Assess learning outcomes

Scenario-based walkthrough

DCS task scheduling
Quiz & feedback module

Equipment interaction & disassembly

Unity3D path animation and layered annotations
3D object control and step logic

Virtual DCS interface and condition scripting
Online test engine and xAPI-based data capture

handling. Learning outcomes were evaluated using
multiple data sources, including post-test scores,
system-generated = performance indicators, and
behavioral logs.

Data were collected throughout the intervention
period and analyzed using descriptive statistics and
independent-samples t-tests to compare group
performance. Effect sizes (Cohen’s d) were calculated to
assess the magnitude of differences between groups.
This study focuses on comparative outcomes rather than
establishing causal relationships.

Theoretical Foundation and Design Methodology

Rapid advances in simulation and Al technology
have made it possible to build highly complex learning
platforms. Without a clear design method, however,
such systems may become collections of loosely related
functions with little pedagogical coherence (Leva &
Panzani, 2024). In this work, the PFT-M framework is
used as the main design guideline.

At the pedagogical layer, course objectives for the
cement process control curriculum are analyzed to
identify the knowledge, skills, and attitudes to be
developed, such as understanding of process flow,
parameter  coupling, safety  constraints, and
troubleshooting strategies.

At the functional layer, these objectives are translated
into  platform  functions: scenario-based  task
presentation, student-driven process design, Al-
mediated argumentation and feedback, automatic
scoring, and  personalized behavior practice
management.

At the technical layer, specific technologies are
selected to implement these functions. These include a
process simulation engine based on real industrial data,
natural language processing for dialogue with students,
a knowledge graph describing process constraints and
fault relationships, and data-logging and analytics
components for tracking learner behavior (J. Xu et al,,
2023).

By iterating across these layers, the design aims to
keep technological choices aligned with educational
needs and to avoid redundant features.

Structure of the Model and Mapping Logic

According to the PFT-M model, the design of a
simulation system can be divided into three levels.
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The pedagogical level specifies what students should
learn, based on curriculum standards and course
learning outcomes. For the present course, this includes
the ability to read and design process flow diagrams,
tune key operating parameters, and reason about the
impact of parameter changes on product quality and
energy consumption.

The functional level translates these learning goals
into concrete system features. Examples include
interactive process configuration, real-time visualization
of process states, logging of student actions, Al-
supported dialogues that probe students’ reasoning, and
an assessment module that can evaluate both results and
intermediate decisions.

The technical level then identifies technologies that
can support these functions in a robust and scalable way.
The platform uses a modular architecture with a process
simulation kernel, an Al interaction module, a learning
analytics engine, and a teacher dashboard.

This mapping procedure helps to avoid feature
stacking, a design choice that is pedagogically hard to
justify (experience API [xAPI], 2023).

It offers an organized approach to align educational
requirements with practical technology and design
solutions. The layers” fitting together is illustrated in
Table 1.

Rather than prescribing specific tools, the model
guides system design through a structured alignment
between curriculum goals, functional tasks, and
technological execution. This enhances the platform’s
utility in a diverse array of disciplines and domains
(Alonso-Fernéndez et al., 2022; Npuls Consortium, 2024;
Gorzen et al., 2024).

Layers of System Architecture and Function

The simulation platform follows a closed-loop
teaching process that includes three main stages: task
assignment, task execution, and performance
evaluation. It is composed of three core subsystems. The
instructor terminal is used to set up training scenarios,
assign simulation tasks, and manage assessments. The
learner terminal allows students to carry out tasks,
interact with equipment, and complete in-system
evaluations. The data analytics module records user
activities, rebuilds action sequences, and generates
performance indicators for further analysis.

These subsystems are connected via network
interfaces, Socket for real-time command
synchronization, and RESTful API for asynchronous
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User Interface

Learner Terminal

® Simulated Tasks

® Integrated
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Instructor Terminal
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® Task Assignment
® Assessment
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Control Logic Layer

® Task Scheduling
® Module Control

Data Analytics Module

® Bcehavior Data Capturing }
® Feedback Analysis

Pl: Ungerstand process flow
: ter operatiynal skills

\ 4

F1: 3D Navigation Module

F2: Disassembly Module

F3: DCS Task Scheduling Module
F4: Quiz & Feedback Module

Functional Modules

T1: Unity3D+Path Animation +Annotations
T2: 3D Object Control + Step Logic

Virtual DCS Interface & Scripting

T4: Online Test Engine + xAPI-based Logging

L
-
o

Technical Tools

Figure 1. Integrated architecture and PFT-M of the Al-enhanced simulation platform (Source: Authors” own development)

data exchange and feedback delivery. The system
architecture is modular and adaptable, allowing for
reuse across different course settings with minimal
reconfiguration (Lo et al., 2024; Wang et al., 2024).

In Figure 1, the right side of the diagram is
represented as a pyramid structure to emphasize the
hierarchical dependency among the three layers of the
PFT-M framework. Pedagogical goals are positioned at
the top to indicate that they define the ultimate direction
and evaluation criteria of the system. Functional
modules occupy the intermediate layer, translating
abstract educational objectives into actionable system
features. Technical implementation forms the base layer,
providing the necessary infrastructure to support these
functions.

This representation highlights that technical choices
should be driven by functional requirements, which in
turn are derived from pedagogical intent. The pyramid
structure is therefore used to illustrate a top-down
design logic rather than a bottom-up accumulation of
technological features.

Mechanism for Learning Data Collection and
Feedback

To support continuous monitoring and feedback, the
platform incorporates a data-driven mechanism with
three main components.

Behavior logging. During simulation tasks, learner
activities such as parameter adjustments, control
operations, and task completion states are recorded
using the xAPI. Dialogue content from Al-student
interactions is also logged, creating a semantic record of

student decision-making and reasoning (Issa et al., 2024;
Ngo et al., 2024).

Data processing. Behavioral and semantic logs are
processed using natural language techniques and
knowledge-graph-based reasoning to identify error
types, misconceptions, and strategies used by learners.
These indicators are cross-checked with instructor
evaluations to ensure that automated interpretations are
consistent with expert judgement (H. Xu et al., 2024).

Feedback generation. Based on these analyses, the
system generates formative feedback at different levels:
immediate hints during Al dialogues, post-task feedback
reports summarizing strengths and weaknesses, and
course-level overviews of progress. It also recommends
follow-up exercises and adjusts task difficulty to match
the learner’s evolving competence (Loong & Chang,
2024; Raihan et al., 2025).

This design shifts the emphasis from purely outcome-
based assessment to continuous, process-oriented
support and lays a foundation for subsequent empirical
study.

AI-Supported Argumentation in Teaching and
Learning

To bring the PFT-M framework into everyday
classroom practice, the system organizes teaching,
learning, practice, and assessment as an Al-supported
closed loop.

Learner-centered process design and Al arguinentation

Conventional simulation courses typically follow a
sequence in which teachers demonstrate key procedures,
students observe, and then practice under teacher
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supervision. In the present system, this sequence is
deliberately changed. After receiving a production
target and basic constraints, students first design their
own process schemes in the virtual environment,
including choices of raw material proportions,
temperature curves, pressure settings, and control
strategies.

They then enter a dialogue with the AI learning
module. In this dialogue, students are asked to explain
why they selected parameter values or operating rules.
The Al module interprets these explanations using the
domain knowledge graph, compares them with process
constraints, and raises questions when inconsistencies or
unsafe assumptions are detected (Anwar et al., 2022).
Rather than directly providing correct answers, the Al
offers stepwise hints and counterexamples. Students
modify their designs, run new simulations, and observe
system responses until a technically acceptable or
improved solution is obtained (Shute & Rahimi, 2017).

In this way, the simulator becomes a space for
reasoning and reflection, not just for reproducing fixed
procedures. The interaction also produces rich
behavioral and semantic data that feed into later analysis
(Ifenthaler & Widanapathirana, 2014).

Intelligent management of practice and assessment

In the practice and examination stages, an evaluation
module based on Al supports management and
feedback:

First, the automated scoring module evaluates
classroom practical tasks, formal examinations, and after
class exercises by comparing students’ operation
trajectories and process states with expert reference
models (Leva & Panzani, 2024). Both final outcomes and
intermediate operations (such as the stability of
temperature control or response to alarms) are
considered.

Second, the system tracks error prone behavior over
time. For each student, it maintains a profile of frequent
errors and misconceptions, and records how these
change across tasks and sessions (Dias et al., 2020).

Third, the analytics module uses these profiles to
assemble personalized behavior training content and
practice papers (Chango et al., 2022). Exercises focus on
unresolved weak points, while skills that have been
mastered receive less emphasis, thus making practice
more efficient.

Finally, course level feedback is generated. Learners
receive individual reports on their progress, strengths,
and remaining difficulties, and instructors can inspect
aggregated dashboards showing common error types
and learning trajectories for the class.

Through this Al-centered workflow, teaching,
learning, practice, and assessment are linked by data and
feedback rather than treated as separate stages,
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consistent with the PFT-M principle of aligning
pedagogy, system functions, and technology.

AI-Supported Teaching, Learning, and Assessment
Model

The Al-enhanced system departs from the familiar
pattern of “teacher explains-students watch-students
practice-teacher corrects.” The core mechanisms can be
described from two angles: how students design and
refine process schemes in dialogue with Al during
teaching and learning, and how practice and assessment
are handled through automatic scoring and personalized
behavior management.

Learner-centered Al argumentation

In the learning phase, students first design their own
process schemes instead of reproducing a teacher’s
example (Chi & Wylie, 2014). For learner i, the scheme is
written as a decision vector using Eq. (1):

0 0 .0 0
17 = 0y e i), M
where x;, is the k-th operating parameter of the cement
production line.

For the clinker line used in this course, the vector is
instantiated with m = 8 components:

1. x;;: raw meal feed rate (t/h),

2. x;;: main burner coal feed rate (kg/s or t/h),

3. x;3: preheater exit gas temperature setpoint (°C),
xi4: rotary kiln rotation speed (rpm),

x;5: ID fan speed or flow rate (% or m3/h),

SANCUE

Xi6: O_2 concentration setpoint at the kiln outlet

(%),

7. xi7: clinker cooler primary air flow or pressure,
and

8. x;g: cement mill production rate setpoint (t/h).

The feasible region Q is determined by process and
safety constraints:

9e (x) < 0/ (2)

where £ = 1, ..., L, which impose limits on temperatures,
pressures, gas composition and equipment ranges
(Graesser et al., 2012).

Once an initial scheme has been proposed, the

student explains the reasoning behind th) in natural
language. The AI module analyzes this explanation,
checks whether constraints are violated and whether the
scheme is efficient, and then returns structured
feedback. Two scalar functions are used to summarize
this judgement. The first measures constraint violation:

E(x) = Z max(0, g, (x")), ()
£=1

and the second combines several performance aspects:
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t t t t
JO) = 4+ DaCinurgy + AaCiihey (4)
With Al,lz, 2.3 > 0 and 2.1 + 2.2 + 2,3 =1.
Here, C, q(fgal aggregates deviations of quality indices
(for example, free CaO and Blaine fineness) from their
targets, Ce(;)ergy reflects specific heat and power

consumption per ton of product, and C S(t?bﬂity
fluctuations in key variables such as kiln hood
temperature and main drive current. These choices are
illustrative and follow the indicators already used in the

course (Masri et al., 2019).

Interaction with the Al module leads to a sequence of
revisions:

penalizes

LD xlgc) +Ax§t), )

L

where Axl@ is the change the learner makes to the eight
parameters in response to error prompts, counter-
examples and hints. The dialogue continues until:

E(xV) < e and] (xV) < ¢, (6)

for small thresholds &, & > 0. At this point the scheme
can be regarded as technically acceptable or close to
optimal. In this way, students work through the
reasoning behind their designs, revise parameters step
by step with Al support, and reach a sound operating
strategy rather than simply copying a standard answer.

Al-based assessment and personalized
recommendation

Practice and assessment are organized around an
automatic scoring engine and a personalized behavior
recommendation mechanism instead of uniform manual
marking.

For learner i on task j, the automatic score S;; is
calculated from four dimensions (Baker & Inventado,
2014):

Sij :W16ij +W25aij+W3Stij+W4Pij, (7)
with
wy +w, +wz+w, =1, 8)
where w;, > 0.

Here, Cjjmeasures correctness against task goals and
required process parameters, Sa;; reflects safety (such as
limit violations and alarm handling), St;; represents
process stability, and P;; refers to procedural compliance
including startup and shutdown sequences. The weights
Wy, ..., W, are set by the teaching team in line with the
competency requirements of vocational practice, with
higher weights typically assigned to safety and
correctness (Henri et al., 2017).

The course grade G; combines theory, conventional
practice and Al-based process scores:

Gi — aS'theory+ ﬂsipractice + }/SiA[, (9)

4

theory
i

where a+f+y=1S
Spractice
i

is the written test score,

is the instructor’s practical score, and S{! is the
aggregated automatic score across simulation tasks. This
structure makes the assessment basis clear and traceable.

To support individualized training, each learner has
a time-varying competency profile (Winne, 2017):

v = (ERD(©),ERP(®), ... ERP(®)),  (10)
where E Ri(d) (t) is the error rate of learner i on
competency dimension d up to opportunity t, and D is
the number of defined dimensions.

In the present course, the profile is instantiated with
D = 6 dimensions:

1. raw meal proportioning and homogenization,
2. preheater and kiln temperature control,

3. kiln safety and alarm handling,

4. 1D fan and draft control,

5. clinker cooling and cooler operation, and

6. startup and shutdown procedure compliance.

Each practice task r is tagged with one or more of
these dimensions. For example, a raw meal stabilization
task is linked to dimension 1, a kiln temperature control
scenario to dimension 2, a combined 0, and draft control
task to dimensions 2 and 4, and an alarm and interlock
handling task to dimension 3 and dimension 6. The
recommendation priority of task r for learner i at
opportunity ¢ is:

pe® =) ERA®, (1)
deD,

where D, is the set of dimensions covered by task r.
Tasks with higher p;.(t) are scheduled earlier, so that
practice focuses on weak areas instead of repeating
already-mastered skills (Banihashem et al., 2024).

Across the full course, the sequence {vi(t) }T_, and the
trajectory {Gi(t)}{:1 give a longitudinal view of each
learner’s performance, misconceptions and progress. On
this basis, the Al module can generate reports on
learning content, strengths, persistent errors and
improvements, supporting continuous guidance and
personalized behavior evaluation for both students and
teachers.

The following section focuses specifically on
methodological alignment and instructional logic, rather
than on system description or implementation details.

INSTRUCTIONAL MECHANISM AND AI
IMPLEMENTATION

Design Rationale and Scope of the PFT-M Framework

The PFT-M framework is employed in this study as
a design-oriented alignment mechanism for Al-
enhanced simulation systems rather than as a novel
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learning theory. Its three-layer structure—pedagogical

objectives, functional requirements, and technical
implementation—is  conceptually intuitive  and
consistent with established instructional design

principles. The value of the framework lies in making the
alignment between instructional intent and system

functionality explicit, enforceable, and traceable
throughout the design process.
In Al-enhanced simulation environments,

pedagogical goals can easily become obscured by
technical complexity or feature-driven development. To
address this risk, the PFT-M framework is used to
constrain system design choices in this study: each
functional module and Al capability must be directly
linked to a clearly defined learning objective. This
approach is intended to reduce ad hoc feature
accumulation and to ensure that Al components support
targeted instructional purposes, particularly those
related to reasoning, reflection, and self-directed
learning.

Mapping Pedagogical Objectives to AI-Supported
Functions

At the pedagogical level, the target vocational
engineering course emphasizes not only procedural
accuracy but also reflective decision-making under
operational constraints, consistent with human-centered
principles associated with Industry 5.0. These objectives
are translated into functional requirements, including
learner-initiated process design, articulation of
reasoning, formative feedback, and iterative revision.

At the functional level, Al is introduced specifically
to support formative feedback rather than summative
judgment. Learners are required to propose process
solutions and explain their decisions, while the Al

module provides prompts, hints, and reflective
questions when inconsistencies, inefficiencies, or
constraint  violations are detected. Automated

assessment operates continuously during task execution
to generate diagnostic information, but final evaluation
authority remains with instructors.

At the technical level, these functions are instantiated
through a modular architecture combining a simulation
engine, an Al reasoning module, learning data logging,
and instructor-facing dashboards. The technical
implementation is organized around feedback loops
rather than linear task completion, reinforcing the
formative orientation of the instructional design.

Figure 2 illustrates the Al-supported teaching-
learning-assessment loop that operationalizes this
mapping under the PFT-M framework.

Formative Feedback Loop and Human-in-the-Loop
Design

As shown in Figure 2, the core instructional
mechanism of the system is a formative feedback loop
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Figure 2. Al-supported teaching-learning-assessment loop
illustrating formative feedback and learner revision under
the PFT-M framework (Source: Authors’ own
development)

connecting learners, Al modules, and instructors.
Learners first design process solutions and articulate
their reasoning. The AI module analyzes these
explanations against domain constraints and
performance criteria and returns feedback in the form of
prompts, warnings, or reflective questions that
encourage revision.

Importantly, the system does not enforce a single
optimal solution. Multiple solution paths are considered
acceptable provided they satisfy safety constraints and
remain within defined performance thresholds. Al
feedback distinguishes among constraint violations,
inefficient but acceptable strategies, and logically
inconsistent explanations. Only constraint violations
and conceptual inconsistencies trigger corrective
feedback, while alternative feasible solutions are
acknowledged through reflective prompts.

Instructor involvement is maintained throughout the
process. Aggregated views of learner actions, common
error patterns, and Al feedback histories are provided
through dashboards, allowing instructors to intervene,
adjust task parameters, or override automated
suggestions when necessary. This human-in-the-loop
design ensures that Al functions as a formative support
tool rather than a decision authority (Huang, 2023). This
human-in-the-loop  design also reflects ethical
considerations  related to  transparency  and
responsibility in Al-supported educational systems.

Al Reasoning Transparency and Reliability

The Al reasoning module combines a domain-
specific knowledge graph with natural language
processing techniques to interpret learner explanations.
The knowledge graph encodes operational constraints,
causal relationships, and expert heuristics derived from
process documentation and instructor input. Learner
explanations are parsed to identify referenced
parameters, causal claims, and justifications, which are
then matched against the knowledge graph.
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Table 2. Statistical comparison between experimental and control groups

Metric Experimental group  Control group t-value  p-value Cohen’sd
Post-test score (mean * standard deviation) 863174 66.7 £8.1 391 <0.01 0.87
Task time (min) 12.4 16.1 3.10 <0.01 0.65
Error rate (%) 8.2 12.5 2.57 <0.05 0.52

To assess interpretive reliability, Al-identified component, such as Al dialogue, automated scoring, or
reasoning issues were compared with instructor personalized task recommendation. They should be

judgments on a representative subset of interaction
records. The agreement rate reached 87%, indicating that

the AI module provides sufficiently accurate
interpretations for formative feedback purposes.
Discrepancies were primarily associated with

incomplete learner verbalization rather than incorrect
conceptual reasoning. These findings underscore that
the Al module offers approximate, pedagogically useful
interpretations rather than definitive diagnoses of
learner understanding.

Learning Data Collection for Formative Feedback

To support Al-assisted formative feedback and
instructional oversight, the system incorporates a
structured learning data collection mechanism aligned
with the pedagogical objectives defined under the PFT-
M framework. The purpose of learning data collection in
this study is not to infer latent cognitive states or to
predict learning outcomes, but to provide observable
indicators that inform feedback, reflection, and
instructional decision-making during simulation-based
activities.

During task execution, the system records learner
interactions at multiple levels, including parameter
adjustments, control actions, task progression states, and
time-stamped event sequences. In addition, textual data
generated through learner-Al dialogue are logged to
capture explanations, justifications, and revisions
articulated by learners. All interaction records are stored
as xAPI-compatible events to ensure consistency and
traceability across tasks and sessions.

Collected data are processed to generate descriptive
indicators relevant to formative feedback, such as the
frequency of constraint violations, stability of
operational adjustments, response latency to system
prompts, and recurrence of specific error types. These
indicators are used to trigger Al-supported prompts,
reflective questions, or hints during task execution,
enabling learners to identify inconsistencies and
iteratively revise their decisions. At the instructional
level, aggregated data support instructor awareness and
targeted intervention without conflating data
availability with claims of learning effectiveness.

RESULTS

The results reported in this section reflect outcomes
associated with the integrated Al-enhanced simulation
system and should not be attributed to any single

interpreted as system-level outcomes rather than as
direct causal validation of the PFT-M framework or any
individual system component.

The post-test used in this study was developed based
on course learning objectives and included both
conceptual understanding and applied problem-solving
items. The test consisted of 20 items with a total score of
100. Reliability analysis yielded a Cronbach’s alpha of
0.82, indicating acceptable internal consistency.

Operational performance indicators, including task
completion time and error rate, were automatically
recorded by the simulation system. Error rate was
defined as the proportion of incorrect operations relative
to total required steps in each task.

Learning Outcomes and Operational Efficiency

Learning outcomes were evaluated through post-test
performance, task completion time, and operational
error rates. Comparisons between the experimental
group and the control group indicate that students using
the Al-enhanced simulation system achieved higher
post-test scores, completed tasks more efficiently, and
exhibited lower error rates.

Table 2 presents the statistical comparison between
the experimental and control groups. Independent-
samples t-tests indicate that the experimental group
achieved significantly higher post-test scores (t =3.91, p
< 0.01), shorter task completion time (t = 3.10, p < 0.01),
and lower error rates (t =2.57, p <0.05). Cohen’s d values
suggest medium to large effect sizes, indicating that
these differences are both statistically significant and
practically meaningful in the context of vocational
training.

Reliability of AI-Based Assessment

To examine the reliability of automated assessment,
Al-generated scores were compared with instructor
ratings for a set of operational tasks. Correlation analysis
indicates a strong positive relationship between Al-
based scores and instructor evaluations, suggesting that
the automated assessment mechanism provides
consistent and interpretable performance indicators
suitable for formative use.

These findings support the use of Al-generated
scores as a supplement to instructor judgment rather
than as a replacement, reinforcing the human-in-the-
loop assessment design adopted in the system.
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Figure 3. Heatmap of learner interaction density highlighting high-cognitive-load stages during the simulation task
(Source: Authors” own development based on simulation log data)

Behavioral Patterns and Learning Trajectories

Learner interaction data were further analyzed to
examine behavioral patterns during simulation tasks.
Figure 3 presents a heatmap of learner interaction
density, highlighting task stages associated with higher
levels of interaction and revision activity. These stages
correspond to operations requiring greater coordination,
parameter tuning, or constraint awareness.

The observed concentration of interactions at these
stages suggests that the Al-supported formative
feedback effectively directed learner attention toward
cognitively demanding aspects of the task. Rather than
indicating uniform engagement, the behavioral patterns
reflect differentiated interaction aligned with task
complexity.

CONCLUSION AND FUTURE WORK

This study presents the design and classroom
implementation of an Al-enhanced virtual simulation
system for vocational engineering education, guided by
the PFT-M framework. The system integrates Al-
supported feedback, automated assessment, and
learning analytics to support process-oriented learning
and skill development.

The six-week quasi-experimental results show that
students using the proposed system achieved higher
post-test scores, completed tasks more efficiently, and
made fewer operational errors than those using a
conventional simulation platform. In addition, the

10/ 13

strong agreement between Al-generated scores and
instructor evaluations suggests that the system can
provide reliable support for formative assessment.
Behavioral data further indicate increased engagement
in cognitively demanding task stages, suggesting that
Al-supported feedback helped guide attention and
iterative revision.

With respect to the RQs, the findings show that the
proposed system is associated with improved learning
performance (RQ1), supports self-regulated learning
through feedback and revision (RQ2), and demonstrates
potential to foster reflective and human-centered
competencies aligned with Industry 5.0 (RQ3).
However, the third aspect was not directly measured
and requires further empirical validation.

These findings should be interpreted with caution.
Due to the quasi-experimental design, differences
between groups, such as prior knowledge, motivation,
and engagement, cannot be fully controlled. Although
both groups followed the same syllabus and were taught
by the same instructors, unobserved factors may have
influenced the results. In addition, the relatively short
duration of the intervention means that novelty effects
cannot be excluded.

Another limitation is that the paper focuses on a
single course in cement process control, which may limit
the generalizability of the findings. The statistical
analysis is limited to basic comparisons and does not
capture more complex learning processes or interactions
among variables.
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Despite these limitations, the paper provides
practical evidence that aligning pedagogical goals,
system functions, and technical implementation can
support more effective simulation-based learning. The
PFT-M framework offers a structured approach for
integrating Al into vocational education with an
emphasis on learning processes rather than only
outcomes.

Future work should extend this research in several
directions. First, longitudinal and within-subject studies
are needed to examine how learners’ skills develop over
time. Second, studies across multiple courses and
institutions would help evaluate generalizability. Third,
more advanced analytical methods, such as learning
trajectory modeling, could provide deeper insights into
how Al-supported feedback influences learning. Finally,
further work is needed to improve the transparency and
interpretability of Al systems in educational settings.
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