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Abstract: This study explores the role of educational large language models in the digital transformation of engineering
courses. A four-in-one transformation framework is constructed, covering teaching content, teaching modes, practical
components, and teaching evaluation. The core course, Facility Planning in the Industrial Engineering program, is
selected for instructional experimentation. In terms of teaching content, a knowledge graph is generated through a large
language model, and industry-oriented frontier cases are dynamically produced. In teaching modes, the instructional
workflow before, during, and after class is reshaped through an Al-supported dual-teacher collaboration mechanism. In
the practical component, a facility-planning system integrating the DeepSeek model and the Systematic Layout Planning
(SLP) method is developed. Natural-language interaction enables the full workflow from data analysis to solution
optimization, supporting intelligent design training that follows the sequence of input, analysis, generation, and
optimization. In teaching evaluation, a comprehensive system is adopted by combining process-based data with
multi-dimensional capability assessment. Empirical results from one semester indicate significant improvements in
students’ engagement, abilities to solve complex engineering problems, and systems thinking. Meanwhile, the teacher’s
role gradually shifts from knowledge transmitter to learning facilitator and context designer. The proposed framework
and its implementation path may serve as a reference for digital reform in other engineering courses. Future work
extends to domain-specific model development, cross-course application, and the construction of shared resource
ecosystems.
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1 Introduction

With the rapid development of generative artificial in-  engineering education, which shoulders the mission of
telligence (AIGC) technology and the advancement of  cultivating outstanding engineers, digital transformation
digital education strategies worldwide, higher education is  has evolved from an option to a necessity. Traditional en-
undergoing a profound paradigmatic revolution [1, 2]. For  gineering teaching has exposed many common challenges
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in meeting the demands of the new industrial revolution:
the update of teaching content lags behind the pace of
industrial technological iteration; the teacher-centered
teaching model struggles to stimulate students’ innovative
thinking and ability to solve complex engineering prob-
lems; practical sessions are severely constrained by
high-cost, high-risk physical equipment and the complex
operational threshold of professional simulation software
[3]. In addition, the traditional summative evaluation sys-
tem is difficult to accurately capture and assess students’
cognitive development and ability growth in solving
ill-structured problems. Against this backdrop, education-
al large language models [4], capable of deep natural lan-
guage understanding, professional logical reasoning, and
multimodal content generation, have provided a key tech-
nical driving force and historic opportunity to address the
aforementioned dilemmas and drive engineering courses
toward in-depth digital and intelligent transformation.

In the early exploration of digital engineering teaching,
researchers at home and abroad have attempted various
paths. Massive Open Online Courses (MOOCs) have
achieved remarkable results in promoting the sharing and
popularization of educational resources [5]. However,
their inherent one-way transmission model lacks strong
interactivity, making it difficult to realize personalized
in-depth tutoring and heuristic discussions [6]. Although
virtual simulation experiments can simulate high-risk or
high-cost industrial scenarios, their interaction processes
are mostly preset scripts with low intelligence, failing to
respond to students’ dynamic and open design exploration
needs, and the development cost of high-quality simula-
tions is prohibitively high. Small Private Online Courses
(SPOCs) have improved teacher-student interaction to a
certain extent [7], but their core teaching paradigm re-
mains an online migration of traditional classrooms, fail-
ing to fundamentally reshape the teaching structure and
ecosystem. A systematic evaluation of learning experi-
ences in online engineering education points out that fully
online models, especially in experimental sessions, alt-
hough helpful for enhancing conceptual understanding,
have significant deficiencies in cultivating students’
hands-on skills, promoting peer collaboration, and ena-
bling real engineering decision-making [8]. Overall, most
of these existing digital tools focus on shallow to
mid-level reforms such as resource digitalization and
process online, lacking the momentum to achieve in-depth
paradigmatic intelligence reforms characterized by stu-
dent-centeredness, high adaptability, and intelligence.
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At the same time, research on the application of educa-
tional large language models has become a frontier
hotspot in the global educational technology field [9].
Current explorations are mainly concentrated in general
educational scenarios. For example, large language mod-
els are used to provide personalized learning path recom-
mendations for massive online courses [10]; automated
essay grading and feedback are realized in humanities and
language disciplines [11]; and assistance in program code
generation and debugging is provided in introductory
computer science courses [12, 13]. These applications
fully demonstrate the great potential of large language
models in general language processing, logical reasoning,
and content generation. However, when the perspective
shifts to core professional courses in engineering that re-
quire the integration of complex spatial logic, rigorous
engineering reasoning, and systematic design thinking,
the in-depth application research of large language models
is still in the exploratory stage [14]. For instance, in
courses such as mechanical engineering design, although
large language models can broaden the diversity of con-
cept generation, they still face reliability challenges in
specific tasks involving detailed modeling [15]. The vast
majority of existing studies only regard large language
models as a function-enhanced auxiliary tool, rather than
using them as the core engine to systematically recon-
struct the teaching content, interaction models, practical
environments, and evaluation systems of engineering
courses, thereby forming a complete intelligent teaching
ecosystem.

In summary, there is a clear gap in existing research: on
the one hand, mainstream digital teaching tools for engi-
neering have inherent limitations in intelligence level and
natural interaction capabilities [3]. Meanwhile, education-
al large language models lack framework design and em-
pirical verification for in-depth integration and systematic
application in highly specialized and contextualized core
engineering courses. This research gap is the foothold of
this study. Therefore, this study aims to systematically
construct an overall framework for the digital transfor-
mation of engineering courses with large language models
as the core driving engine. It selects Facility Planning, a
core course in industrial engineering that features close
integration of theory and practice and prominent pain
points in traditional teaching, for in-depth empirical re-
search. Adopting a mixed research paradigm combining
the design science research method and the case study
method, this study focuses on constructing and verifying a
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four-in-one transformation model covering teaching con-
tent, teaching modes, practical sessions, and teaching
evaluation. It is expected to provide a practically verified,
replicable, and promotable solution for the in-depth re-
form of similar engineering courses.

2 Theoretical Foundations

Educational large language models represent the
in-depth application of generative artificial intelligence
(Al) in the field of education, and their essence has trans-
cended the initial stage of being an auxiliary ques-
tion-answering tool, evolving into the intelligent hub of a
new type of teaching ecosystem [16]. Compared with
early adaptive learning systems or intelligent tutoring
systems, contemporary large language models possess
powerful capabilities in natural language understanding,
professional domain reasoning, and multimodal content
generation, enabling them to assume multiple roles such
as cognitive partners, dynamic content generators, and
interactive interfaces [17]. This transformation redefines
the interactive relationship between teachers, students,
and technology, elevating large language models from a
single tool positioning to the foundation of an intelligent
environment that can understand teaching contexts and
support personalized inquiry-based learning.

The digital transformation of engineering courses is a
multi-level evolutionary process, whose core connotation
goes far beyond simple technical superimposition or re-
source electronation. This transformation encompasses a
systematic change from shallow resource digitalization to
mid-level process digitalization, and ultimately to
in-depth paradigm intelligence. The resource digitaliza-
tion stage focuses on converting static content such as
textbooks and courseware into digital formats; the process
digitalization stage migrates links like teaching manage-
ment and assignment submission to online platforms;
while paradigm intelligence represents a fundamental re-
shaping of teaching concepts. By creating an intelligent
environment that can perceive learning status, adaptively
adjust paths, and provide real-time feedback, a paradigm
shift from teacher-centered knowledge transmission to
student-centered competence development is achieved.

Constructivist learning theory and situated cognition
theory together provide a solid theoretical foundation for
this transformation. Constructivist learning theory empha-
sizes that learners actively construct their knowledge sys-
tems through interaction with the environment rather than

passively receiving information, which directly supports
the design of student-centered inquiry-based learning
where large language models act as scaffolding tools to
empower students’ knowledge construction processes.
Meanwhile, situated cognition theory further points out
that learning and cognition are inherently situated, highly
dependent on the specific activities and environments in
which they occur. The facility planning system based on
DeepSeek and the Systematic Layout Planning (SLP)
method constructed in this study provides a low-cost,
high-fidelity contextualized learning environment for en-
gineering education. By deeply integrating professional
algorithms through natural language interaction, the sys-
tem enables students to cultivate full-process professional
capabilities from data analysis to scheme decision-making
through practical iterations in near-real engineering plan-
ning scenarios, thereby achieving effective knowledge
transfer and application.

3 Integrated Framework

The transformation framework constructed in this study
is core-driven by educational large language models and
systematically reshapes four key dimensions of engineer-
ing courses: teaching content, teaching modes, practical
sessions, and teaching evaluation. This framework posi-
tions educational large language models as the intelligent
hub of the entire teaching ecosystem, and through their
powerful capabilities in natural language understanding,
professional reasoning, and content generation, they con-
nect all teaching links to form an organic whole charac-
terized by collaborative evolution and mutual enhance-
ment.

3.1 Overall Framework Design

In the overall architecture, educational large language
models act as the empowering hub. They connect down-
ward to the underlying course knowledge base and pro-
fessional algorithm library. Upward, they support four
major application dimensions: teaching content generation,
teaching mode innovation, practical environment con-
struction, and teaching evaluation reform. These four di-
mensions are not isolated. Instead, the seamless flow of
data streams and intelligent services is achieved through
the large language models. For instance, data generated in
practical sessions provides a basis for evaluation. Evalua-
tion results are fed back to the content generation system,
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facilitating the dynamic adjustment of teaching content.
This thereby forms a continuously optimized intelligent
teaching closed loop. The four-in-one overall framework

Underlying Support Platform
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for the digital transformation of engineering courses is
shown in Figure 1.
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Figure 1 The four-in-one overall framework for the digital transformation of engineering courses

3.2 Teaching Content

The digital transformation of teaching content is in-
tended to convert it from a static and fixed knowledge
system into a dynamic and evolving knowledge ecosys-
tem. Firstly, the semantic understanding and association
capabilities of educational large language models are uti-
lized. Discrete knowledge points in the course are con-
structed into a structured knowledge graph through these
capabilities. Logical relationships between concepts are
made explicit via this graph. It supports students'
non-linear knowledge exploration and associative learning.
Secondly, based on well-designed professional prompts,
virtual cases, exercises, and project tasks closely aligned
with industry frontiers are generated in real time by large
language models. This generation is conducted in accord-
ance with teaching progress and students' interests [18].
For example, in the course Facility Planning, diversified
scenarios can be dynamically generated. Such scenarios
include the layout of an electric vehicle battery recycling
production line and the zoning design of an automated
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warehousing system. This ensures that teaching content
consistently maintains its cutting-edge nature and high
contextual relevance.

3.3 Teaching Modes

The innovation of teaching modes is reflected in the
construction of a new paradigm of Al-supported du-
al-teacher collaborative teaching [19]. In this paradigm,
Al assumes dual roles: first, as an Al teaching assistant,
repetitive tasks such as answering questions, generating
teaching materials, and conducting initial homework
evaluation are processed automatically, which liberates
teachers' productivity; second, as an Al learning compan-
ion, one-on-one and heuristic learning companionship and
support are provided for each student [20]. Based on this
role definition, the teaching process is reshaped: Before
class, students conduct an inquiry-based preview with Al
learning companions. Academic performance early warn-
ings are provided for teachers by an Al based on students'
feedback. During class, teachers focus on organizing
in-depth discussions and group collaboration. As an intel-
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ligent blackboard or debate opponent, Al generates
schemes, visualizes ideas, or puts forward challenging
questions in real time. After class, students are guided by
Al learning companions to consolidate knowledge and
iterate schemes. A new teaching closed loop featuring
efficient collaboration among students, Al, and teachers is
thereby formed.

3.4 Practical Components

The core of the transformation in practical sessions lies
in the construction of a facility planning system. This
system is deeply integrated with the DeepSeek large lan-

guage model and the SLP method. It covers the entire
workflow from basic data management to the optimal se-
lection of final schemes. Specific functional modules in-
clude: activity unit information management, logistics
from-to chart management, logistics closeness analysis,
logistics relationship diagram generation, comprehensive
interrelationship analysis, comprehensive relationship
diagram generation, location relationship diagram design,
area relationship diagram generation, layout scheme de-
sign, and scheme evaluation and optimal selection. The
workflow of the facility-planning system based on
DeepSeek and SLP methods is shown in Figure 2.

DeepSeck N Facility Layout - Performance
Start > intelligent engine Scheme Design 7| Metries Analysis
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h 4
¥ ;
Input of Design Fl Cf C ¢h o Gegerat1on ok
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Figure 2 The workflow of the facility planning system based on DeepSeek and the SLP method

In this workflow, the DeepSeek large language model
serves as an intelligent decision-making engine. It deeply
empowers key links: it can assist in logistics closeness
analysis and comprehensive interrelationship analysis,
providing students with a professional reasoning basis. At
the final stage, multi-dimensional evaluation and optimal
selection of multiple alternative schemes can be conduct-
ed by it. Through a natural language interface, the system
significantly lowers the professional threshold. Students
can drive the system operation with natural language in-
structions. A complete digital design closed loop is real-
ized, covering data input, intelligent analysis, chart gener-
ation, scheme design, simulation verification, and optimi-
zation and selection. This liberates students from tedious
manual calculations and drawing tasks. They can then

focus on the cultivation of systematic thinking and inno-
vative decision-making capabilities.

3.5 Teaching Evaluation

The digital transformation of teaching evaluation is
based on a data-driven, process-oriented, and comprehen-
sive assessment. By leveraging the analytical capabilities
of large language models, interaction data of students
throughout the learning process can be continuously col-
lected and analyzed by the system. Such data includes the
quality of questions raised, the logical path of scheme
iteration, and the depth of discussions with Al. Personal-
ized reports on learning engagement and cognitive devel-
opment are thereby generated.

In terms of comprehensive competency assessment, a
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multi-dimensional model integrating Al quantitative
scoring and teacher qualitative evaluation has been estab-
lished. Al can conduct rapid and consistent quantitative
evaluation on multiple objective indicators of design
schemes (e.g., logistics costs, space utilization rate). On
this basis, teachers perform qualitative evaluation on stu-
dents' innovation, systematic thinking, and professional
literacy. This evaluation incorporates project reports,
classroom performance, and other relevant factors. Ulti-
mately, a comprehensive score that fully reflects students'
knowledge, abilities, and literacy is formed.

4 Effectiveness Analysis

4.1 Case Design

The selection of Facility Planning as an empirical case
is based on its representativeness. This course requires
students to master theoretical methods such as SLP.
Meanwhile, they must complete a comprehensive facility
layout design. It embodies the characteristic of close inte-
gration between theory and practice. In traditional teach-
ing, students are often burdened with tedious manual cal-
culations and drawing. The exploration and optimization
of multiple layout schemes remain inadequate. The
teaching experiment was conducted on one class, span-
ning a full semester. In terms of technical implementation,
a core intelligent engine was built by integrating large
language model APIs. A technical support system was
formed by combining knowledge graph tools and FlexSim
simulation software. Data collected included: course
scores, interaction logs between students and the system,
course design works, questionnaires distributed at the end
of the semester, and semi-structured interview records of
some students.

4.2 Specific Implementation

In terms of content reconstruction, the core concepts
and methods of the course are constructed into a
knowledge graph. The logical path from logistics rela-
tionship analysis to spatial relationship determination is
clarified. Through prompt engineering, cutting-edge cases
are generated. Examples include the layout planning of a
new energy motor assembly workshop with an annual
output of 100,000 units and the design of an unmanned
distribution center serving the last mile of urban logistics.
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These cases are used as project tasks to drive students to
apply the knowledge they have learned. In terms of
teaching mode, a coherent Al-supported dual-teacher in-
teraction process is formed. Before class, students discuss
the preliminary application of SLP in the generated cases
with Al through a natural language interface. During class,
teachers guide each group to present the schemes
co-generated with Al and stimulate inter-group debates.
Al provides real-time data support or raises questions
from different perspectives. After class, students continu-
ously optimize their course design reports based on class-
room discussions and iterative suggestions from Al. The
workflow of Al-supported dual-teacher collaborative
teaching is shown in Figure 3.

The facility planning system based on DeepSeek and
the SLP method is deeply applied in practical sessions, as
shown in Figure 4. In teaching projects, students first en-
ter basic data through the system’s activity unit infor-
mation management and logistics from-to chart manage-
ment modules. The core layout analysis phase is then
strongly supported by the DeepSeek large language model,
particularly in logistics closeness analysis and compre-
hensive interrelationship analysis. For instance, when
students have doubts about the relationship level between
the assembly area and the quality inspection area, they can
directly ask the system. Based on SLP principles and lo-
gistics data, DeepSeek generates analysis reasons com-
bining qualitative and quantitative methods, assisting stu-
dents in formulating more reasonable relationship levels
and automatically generating logistics relationship dia-
grams and comprehensive relationship diagrams.

On this basis, the system guides students to complete
the design of location relationship diagrams and area rela-
tionship diagrams, and automatically generates multiple
feasible layout schemes. In the final scheme evaluation
and optimal selection phase, DeepSeek helps students
establish an evaluation index system. It conducts compar-
ative reviews of schemes from multiple dimensions, such
as logistics efficiency, space utilization rate, and scalabil-
ity, supporting students in making optimal decisions. The
entire process closely integrates the classic SLP teaching
method with the cutting-edge intelligent decision-making
capabilities of large language models. This enables stu-
dents to experience full-process digital and intelligent
planning from data input to scheme formulation.
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Figure 4 The usage process of the facility planning system based on DeepSeek and the SLP method

learning reports. The final performance assessment inte-

full-process data-driven operation. The system automati-
cally records students’ key behaviors during course design,
such as the number of scheme iterations, the adoption of
Al feedback and quality of improvements, and the logical
depth of questions raised, and generates process-oriented

grates quantitative analysis by Al and qualitative evalua-
tion by teachers: Al is responsible for objective scoring of
techno-economic indicators of design schemes, such as
logistics intensity and area utilization rate, while teachers
focus on evaluating the innovation of design thinking, the
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systematicity of reports, and teamwork performance, with
each accounting for a certain proportion of the weight.

4.3 Result Analysis

Quantitative data in Figure 5 shows positive outcomes.
The score rate of comprehensive application questions in
the final exam of the experimental class is significantly

m Experimental Class Score

100
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00 85
82
30 75 76
72
7
6
50
Score of Scheme Diversity

Comprehensive
Application Questions

[=]

[=]

Technical Rationality Systematic Thinking
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higher than that of the control class, and its course design
works show better overall performance in scheme diver-
sity, technical rationality, and data comprehensiveness.
Questionnaire survey results indicate that an overwhelm-
ing majority of students recognize the role of this model
in enhancing their ability to solve complex engineering
problems and systematic thinking.

® Control Class Score

90
74 73
I I I | I I
Ability to Solve Learning Engagement

Complex Engineering
Problems

Figure 5 Comparison of teaching practice effects.

Qualitative feedback further reveals the sources of these
outcomes. Students generally reflect that Al acts as a tireless
collaborator, forcing them to think more rigorously and com-
prehensively, and believe that the process of discussing
schemes with Al has greatly stimulated their interest in explo-
ration. Teachers' reflections point out that a profound trans-
formation has occurred in the teaching role: from a one-way
knowledge transmitter to a designer of learning scenarios, a
facilitator of classroom discussions, and a stimulator of high-
er-order thinking. The quality and depth of teacher-student
interaction have achieved substantial improvement.

5 Conclusion and Future Directions

A digital transformation framework for engineering
courses centered on large language models is systemati-
cally constructed in this study, and empirical verification
is conducted in the course Facility Planning, which veri-
fies the framework’s effectiveness and innovative value in
reshaping teaching content, teaching modes, practical ses-
sions, and evaluation systems. It is confirmed that the
four-in-one transformation path driven by educational
large language models as the intelligent hub can signifi-
cantly improve students' course participation, ability to
solve complex engineering problems, and systematic in-
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novative thinking, while promoting the modern transfor-
mation of teachers' roles from knowledge transmitters to
learning guides and scenario designers. At the theoretical
level, a systematic digital reconstruction model for engi-
neering courses with large language models as the engine
is proposed; at the practical level, new teaching forms
such as the facility planning system based on DeepSeek
and SLP, and Al-supported dual-teacher collaboration are
successfully established, providing a replicable practical
paradigm for the reform of similar courses.

Naturally, this study still has certain limitations: for in-
stance, the empirical teaching cycle is relatively short, the
sample size is limited, and the professional judgment of
current general large language models in specific engi-
neering fields still has boundaries. Looking forward to the
future, subsequent research will focus on two key direc-
tions: firstly, deepening technological integration and ex-
ploring the construction of vertical models integrated with
domain knowledge to further improve the accuracy and
reliability of the system in addressing professional engi-
neering problems; secondly, expanding the application
ecosystem, promoting the cross-course application of this
framework in industrial engineering and related engineer-
ing courses, and collaboratively establishing shared
teaching resources and evaluation criteria.
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