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Abstract: Discussions of intelligent agents in vocational education often hastily equate tool access with overall
teaching efϐiciency, which is not supported by this study’s interview data. The practical adoption of intelligent
agents is explored in technical and vocational education and training dual‑teacher classrooms from four stake‑
holders, including dual teachers, industry experts, students and administrators. The analysis differentiates stream‑
lined routine tasks from new burdens arising from content validation, technical interpretation and risk assessment.
Speciϐically, ϐifteen semi‑structured interviews are conducted across secondary and higher vocational institutions.
Firstly, all interviews are recorded and transcribed in Chinese. AI‑assisted English translations of these transcripts
form the primary coding corpus. The key citations are cross‑referenced against the original Chinese transcripts.
Besides, the constraints–mechanisms–enablers–outcomes (CMEO) framework is generated through the iterative
thematic coding via NVivo 14. The results demonstrate that the respondents acknowledged limited efϐiciency gains
only in repetitive tasks, such as material drafting and error screening. Nevertheless, intelligent agents created ad‑
ditional workloads, where practitioners have to verify technical accuracy and adapt artiϐicial intelligence (AI) out‑
puts to local training equipment and safety standards with special AI content interpretation for students. Within
high‑risk workshop training environments, AI outputs are only permissible when teachers and experts hold ϐinal
decision‑making power. Therefore, this study redeϐines AI teaching efϐiciency as bounded and multi‑stakeholder
professional judgment, rather than a neutral and universally applicable indicator. The constructed CMEO frame‑
work extends existing single‑perspective AI education research and provides targeted institutional governance
strategies for local vocational digital teaching reform.
Keywords: Artiϐicial Intelligence; Dual‑Teacher Classroom; Intelligent Agent; Teaching Efϐiciency; Vocational Edu‑
cation

1. Introduction
Artiϐicial intelligence (AI) has gradually penetrated global daily teaching and educational practices, yet it offers

limited substantive implications for educational reform [1]. In the ϐield of technical and vocational education and
training (TVET), the core dilemma is no longer whether AI can generate automated teaching content or simplify
operational procedures [2]. Instead, the critical concern lies in whether AI‑generated teaching solutions can adapt
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to vocational classrooms with unique constraints, including heterogeneous teaching equipment, standardized vo‑
cational assessment systems, and strict operation safety speciϐications [3]. Without effective adaptation to these
vocational teaching requirements, the operational and productive efϐiciency of AI technologies is substantially dis‑
counted after implementation.

The inherent characteristic of vocational education is the integration of academic learning and industrial prac‑
tice, serving as a bridge connecting campus teaching andworkplace vocational needs. Vocational teachers have the
core responsibility of transforming enterprise operational speciϐications, professional process guidelines, technical
diagnosis procedures, and industrial quality standards into systematic, student‑oriented teaching tasks, which are
suitable for classroom teaching and practical training [4]. Besides, different vocational colleges differ signiϐicantly
in teaching equipment conϐiguration, practical training conditions, and industry cooperation resources. Meanwhile,
core enterprise vocational data is often subject to conϐidentiality restrictions, andmany practical training programs
involve strict safety operation norms [5]. Therefore, any exploration of AI‑enabled teaching empowerment in TVET
must clearly clarify the practical changes brought by intelligent tools to dual‑teacher classroom teaching, potential
practical obstacles, and emerging operational and teaching risks arising during intelligent teaching [6].

Since the widespread application of generative AI and large language model technologies after 2022, intelli‑
gent agent tools have greatly lowered the threshold of auxiliary teaching work for vocational teachers [7]. These
intelligent tools can efϐiciently generate teaching explanations, practical training guidance documents, classroom
exercisematerials, and targeted student feedback contentwithin a short time, bringing unprecedented convenience
to the daily lesson preparation and after‑class management of vocational educators. Nevertheless, technical conve‑
nience alone cannot prove the practical value of intelligent agents in TVET dual‑teacher classrooms [8]. In technical
and practical teaching scenarios, mechanically generated AI teaching content tends to suffer professional deviation,
incomplete technical logic, and disconnection from actual vocational training and industrial job requirements. In
addition, the automated output of intelligent agents leads to unclear content attribution, and the plausible surface
content is likely to cause teachers to over‑rely on intelligent tools blindly, resulting in hidden risks in professional
teaching and practical skill training [9].

Existing academic research has laid a foundational framework for AI‑enabled vocational teaching, but there
are still obvious research gaps targeted at dual‑teacher classroom scenarios [10]. Prior studies have conϐirmed that
AI‑based formative feedback systems can optimize teacher‑student interactions and shorten student skill learning
cycles [11]. Besides, immersive intelligent teaching tools can effectively support vocational students’ practical skill
cultivation when aligned with systematic teaching theories [12]. In addition, learning analytics technology can as‑
sist teachers and administrators in teaching decision‑making based on interpretable and usable teaching data [13].
However, current research fails to comprehensively unpack the application dilemmas of intelligent agents in TVET
dual‑teacher classrooms from three core stakeholder groups, including frontline dual teachers, industry engineer‑
ing experts, and vocational students. Speciϐically, existing literature rarely explores dual teachers’ collaborative
workload conϐlicts and technology adaptation barriers when cooperating with intelligent agents [14]. It ignores
several demands of engineering experts for industrial standard alignment and professional accuracy of intelligent
teaching content, which also neglects actual learning experience, acceptance and learning confusion for vocational
students in human‑machine integrated dual‑teacher classrooms. It remains unclear under what practical condi‑
tions intelligent agent tools can gain consistent recognition from teachers, experts and students as effective teaching
assistants, and in what scenarios the repeated veriϐication, content correction, and professional supplementation
of AI output will offset the original efϐiciency advantages brought by these tools.

In this study, the empowerment effect of intelligent agents on dual‑teacher classrooms is deϐined as practi‑
cal work changes perceived by frontline vocational teachers and teaching administrators. Speciϐically, the value of
intelligent agents lies in simplifying repetitive lesson preparation, reducing the workload of standardized student
feedback and evaluation, and enabling dual teachers to devote more time and energy to core teaching links, such
as professional knowledge interpretation, practical skill guidance, and student problem‑solving tutoring. This deϐi‑
nition focuses on micro‑level teacher work efϐiciency and practical teaching optimization, and the interview‑based
qualitative data is adopted to effectively verify the shifts of dual‑teacher teaching work driven by intelligent agents.
It can establish the relationship between intelligent agent application and comprehensive teaching performance
improvement.

To ϐill the above research gaps, the vocational dual‑teacher classrooms is took as the research object in this
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study, and four core issues are explored based on the practical perceptions of vocational teachers and administra‑
tors, including practical constraints hindering the effective application of intelligent agents in dual‑teacher class‑
rooms, adaptive coping strategies adopted by frontline teachers, key enabling conditions for the effective imple‑
mentation of intelligent teaching optimization, and practical teaching outcomes generated by intelligent agent em‑
powerment. In addition, two core research questions are proposed to guide the whole research process: (RQ1)
What practical challenges and contextual constraints do vocational teachers and administrators encounter when
integrating intelligent agents into dual‑teacher classroom teaching for efϐiciency improvement? (RQ2) What op‑
erating mechanisms and enabling conditions sustain steady and effective intelligent agent empowerment within
TVET dual‑teacher teaching practice?

Based on the above research positioning and core research questions, two clear research design principles
are adopted in this study. First, this research does not regard teaching efϐiciency as a single ϐixed quantitative in‑
dex measured by teaching output and working speed. Speciϐically, the superϐicial time‑saving effect brought by
intelligent agents is meaningless if the generated teaching content cannot meet vocational teaching standards and
needs secondary comprehensive revision. Second, this study takes teachers’ and administrators’ practical teaching
narratives and professional judgments as the core evidence of intelligent teaching process changes. This research
perspective is crucial, as the existing AI education research often generalizes diverse research scenarios into a sin‑
gle efϐiciency evaluation. An intelligent agent tool may be easily accessible and widely used in vocational campuses
with positive user feedback, but it may produce unstable and ineffective results in dual‑teacher classrooms that
demand high professional accuracy, practical safety, and industrial docking. Therefore, this study focuses on the
real routine teaching practices of vocational dual teachers, systematically analyzes the practical changes, applica‑
tion value, and existing limitations of intelligent agent tools in teaching scenarios. It can explore the boundary
conditions for realizing efϐicient and high‑quality intelligent empowerment in vocational education dual‑teacher
classrooms.

2. Materials and Methods
The qualitative interpretivist research design is adopted based on one‑on‑one semi‑structured interviews. It

focuses on exploring how frontline dual teachers and vocational education administrators perceive anddeploy intel‑
ligent agents in collaborative dual‑teacher teaching scenarios [15]. Besides, the practical value points of intelligent
agent empowerment are identiϐied, aswell as application bottlenecks, adaptive trade‑offs and practical failure risks
in real classroom contexts. The core of this research lies in exploring the situated professional judgments and actual
workϐlow changes brought by intelligent agents in dual‑teacher collaborative teaching. A qualitative interpretivist
methodology is highly compatible with this research purpose, as it can capture rich contextual and subjective prac‑
tical experiences [16].

2.1. Participants and Setting
A total of 15 participants are recruited via purposive sampling, covering diverse dimensions, including pro‑

fessional role, working seniority, institutional types and vocational majors. It can ensure the richness and differ‑
entiation of interview data, as shown in Table 1. All participants are selected from vocational colleges, including
frontline dual teachers, teaching administrators, students and industry engineering experts from secondary voca‑
tional schools, higher vocational colleges and adult vocational colleges. The sampling followed the principle of
information‑rich case selection for qualitative research [17].

Table 1. The detailed information of the 15 participants.

ID Role Working/Learning Years Institution Type Job/Major Core Interview Themes

T01
On‑campus
dual teacher

6 years Higher vocational college Internet of Things
Workload pressure, intelligent
agent operational difϐiculty,
collaborative teaching barriers

T02 8 years Secondary vocational college Computer application
T03 11 years Higher vocational college Internet of Things
T04 10 years Secondary vocational college Big Data
T05 9 years Higher vocational college Computer Application
E01 Industry

engineering
expert

15 years Cooperative industrial
enterprises

Network architect Industrial standard mismatch,
teaching content professional
deviation, enterprise data access limits

E02 14 years Programmer
E03 18 years Data analyst
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Table 1. Cont.

ID Role Working/Learning Years Institution Type Job/Major Core Interview Themes

S01
Vocational
student

3 academic years Higher vocational college Computer application
Learning experience, acceptance of
human‑AI collaborative classroom

S02 2 academic years Secondary vocational college Internet of things
S03 4 academic years Secondary vocational college Big data
S04 3 academic years Higher vocational college Computer application

A01
Teaching
administrator

18 years Higher vocational college Academic affairs
management Campus layout, institutional policy

support, risk control of intelligent
teaching

A02 20 years Secondary vocational college Teacher training
A03 17 years Higher vocational college Teaching reform

management

The sample size is not ϐixed in advance, and analytical saturation is judged gradually during the iterative the‑
matic coding process. Four core thematic families are fully formed, covering constraints, coping mechanisms, en‑
abling conditions and practical outcomes. The remaining three interviews only supplemented detailed practical
cases, differentiated scenario feedback and contextual application conditions from students and industry experts,
without generating new primary coding categories or requiring reconstruction of the overall codebook. Therefore,
the sample size achieved analytical sufϐiciency for this research. Meanwhile, all participants have direct experience
with intelligent agent tools in dual‑teacher classrooms, so the interview data mainly reϐlects perceptions of users
with practical experience rather than those of novice users.

Special attention is paid to the unique experience of vocational students for intelligent agent use, including
their acceptance of AI tools, learning confusion and over‑reliance risks on AI tools. It is formed as an independent
analytical perspective for subsequent coding and result analysis. All student‑speciϐic interviewnarratives are sorted
separately and categorized into exclusive student constraint codes (C6 and C7).

2.2. Data Collection
All interviews are conducted face‑to‑face in the campus conference room or through secure online video plat‑

forms, with each interview lasting 30 to 60 minutes. A uniϐied semi‑structured interview guide is used throughout
the data collection process, covering targeted questions tailored to the four participant groups. It includes daily
teaching collaboration between dual teachers and intelligent agents, the demand for industrial teaching standard‑
ization from engineering experts, real learning perceptions of students, as well as institutional support and man‑
agement arrangements from administrators. The interview outline covers practical challenges, existing supportive
measures, adaptive coping strategies, and expectations for tool optimization.

For purposive recruitment, clear stratiϐied screening criteria are set covering teaching years, vocationalmajors
and industry cooperation experience to guarantee sample diversity. To strengthen researcher reϐlexivity, a contin‑
uous reϐlexive journal is maintained throughout data collection and coding to document personal biases and timely
cross‑check all interpretations against raw transcripts. All Chinese interview records are anonymized prior to AI
translation, and every key technical term and quotation ismanually cross‑veriϐied between original transcripts and
English drafts to eliminate translation discrepancies.

All interviews are conducted in Chinese to eliminate language barriers for vocational teachers and administra‑
tors, and recordings will only be collected after obtaining written informed consent from all participants. All origi‑
nal audio ϐiles are transcribed into full Chinese transcripts and fully anonymized by removing personal information,
including name, institutional code, and student information before formal data analysis. Besides, AI‑based trans‑
lation is employed to generate uniϐied English working transcripts for subsequent coding and manuscript writing,
which are conducted through two rounds of manual cross‑checks. The ϐirst round is conducted after preliminary
translation to correct semantic deviations, and the second round is conducted when selecting representative cita‑
tions formanuscriptwriting. For key professional terms related to dual teacher teaching andAI technology, conduct
targeted retrospective checks on the Chinese original text to guarantee terminological accuracy.

The semi‑structured interview outline covered concrete human‑intelligent‑agent interactive scenarios, includ‑
ing automatic generation of training teachingmaterials, browsing of real‑time learning analytics dashboards, tripar‑
tite human‑AI joint assessment, and AI‑assisted operation for intelligent equipment fault diagnosis. All participants
are required to elaborate on their actual operational workϐlows and intuitive perceptions during daily classroom
interactions with intelligent agents.
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2.3. Data Analysis
All English working transcripts are imported and encoded via NVivo 14 qualitative analysis software. In addi‑

tion, the full coding process follows inductive logic, moving from the initial descriptive open coding to systematic
correlation analysis between the four core thematic dimensions. It includes application constraints, coping mecha‑
nisms, enabling conditions and practical teaching outcomes [18].

In the initial open coding stage, the analysis focused on interview texts and extracted raw descriptive codes
to identify the dual‑teacher workϐlow shifts, frictions in intelligent agent deployment and teachers’ practical
workaround strategies. In the subsequent axial and selective coding stages, scattered initial codes were further
categorized and integrated into the uniϐied constraints‑mechanisms‑enablers‑outcomes (CMEO) thematic frame‑
work matched with this research. Although English transcripts served as the main coding corpus, all ambiguous
passages, l vocational technical terms and concept‑sensitive text segments are traced back to original Chinese
transcripts to prevent interpretive bias caused by translation gaps. Table 2 displays detailed coding trails from
original interview excerpts to overarching CMEO themes.

Table 2. Illustrative coding trail from quotation to CMEO theme.

Interview Excerpt (Participant ID &
Role) Keywords Initial Code CMEO Family Interpretive Memo/Concept

“Genuine enterprise production data
cannot be imported into intelligent
agents due to corporate conϐidentiality
agreements”. (E02)

Enterprise data,
conϐidentiality
restrictions

C1 Lack of accessible
authentic industrial
data

Constraints
Conϐidential business data limits the
alignment between intelligent agents
and industrial vocational teaching
standards.

“Intelligent agent teaching content is too
rigid and cannot match our personalized
practical learning needs”. (S03)

Rigid content,
personalized
learning demands

C2 Poor personalized
adaptation of AI
teaching content

Constraints
One‑size‑ϐits‑all intelligent teaching
content fails to meet differentiated
learning demands of vocational
students majoring in Big Data and IoT.

“I spend extra time debugging intelligent
agent functions, which increases my
daily teaching workload instead of
reducing it”. (T04)

Extra debugging
time, increased
workload

C3 Extra workload
caused by AI tool
debugging

Constraints
Unstable intelligent agent functions
bring additional work burden to
frontline dual teachers.

“On‑campus teachers focus on classroom
teaching arrangement, while enterprise
experts check AI content compliance
with industrial standards”. (T03)

Role division,
collaborative work

M1 Dual‑teacher and
expert collaborative
role allocation

Mechanisms
Clear role division realizes
complementary advantages of human
team and intelligent agents.

“The college has issued uniϐied AI
teaching management speciϐications to
standardize intelligent agent application
in dual‑teacher classrooms”. (A01)

Uniϐied speciϐication,
institutional
management

E1 Institutional policies
and governance
guardrails

Enablers
Top‑down institutional management
policies regulate orderly application
of intelligent agents.

Speciϐically, the four‑dimensional CMEO framework is not a pre‑set theoretical model, which is obtained by
layer from the original interview transcripts of all participants. It is supported by dual teachers, industry engineer‑
ing experts, vocational students and administrators under its constraints, mechanisms, enablers and outcomes. Be‑
sides, the full logical coding trails recorded in Table 2 verify the empirical foundation and rationality of the CMEO
framework.

2.4. Trustworthiness and Ethics
To improve the trustworthiness of this qualitative research, multiple measures are adopted. A full standard‑

ized codebook is documented throughout coding procedures, with a detailed audit trail recording all iterative cod‑
ing revisions and interpretive decisions. In addition, all interview text excerpts aremarkedwith unique participant
IDs and stored in encrypted secure ϐiles. During data collection and coding, continuous reϐlexive journaling is con‑
ducted to record subjective biases and real‑time interpretive reϐlections. Besides, cross‑case comparison across
different participant roles and institutional types is implemented, and all negative cases inconsistent with domi‑
nant themes are retained rather than manually removed. Provisional codes are revised promptly when quotation
content conϐlicted with code deϐinitions or when certain categories became overly broad. Accordingly, the credibil‑
ity strategy adopted in this research is moderate rather than maximal. It is considered as systematic documented
interpretation of dual teachers’ and administrators’ practical working experiences, rather than fully triangulated
objective ϐindings, nor perfect semantic alignment between Chinese original transcripts and English quoted texts.
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This limitation deϐines the research claim scope clearly, where interview data can fully reϐlect participants’ real
workϐlow shifts, perceived application risks and acceptable modes of intelligent agent deployment in dual‑teacher
classrooms.

To reduce researcher subjectivity, all coding procedures are recorded in a comprehensive standardized code‑
book. The author retained all contradictory negative interview cases and repeatedly cross‑checkedEnglishworking
transcripts against original Chinese transcripts. Furthermore, all analytical conclusions are strictly bound by the
original words of participants rather than subjective inferences.

In terms of research ethics, all participants signed informed consent forms prior to interviews. Participants re‑
served the right to terminate the interviewat any timewithout justifying. In addition, all AI‑assisteddata processing
procedures followed strict ethical norms. First, all conϐidential data and personal identiϐiers are fully desensitized
to avoid privacy leakage. Second, all core professional terms and representative quotations are manually veriϐied
against original Chinese transcripts to prevent semantic distortion. Third, all participants are fully informed of the
whole AI data processing ϐlow before signing written informed consent.

This study is completedbyan interdisciplinary research teamwith expertise inAI, vocational education,mecha‑
tronics, mechanical engineering, computer science, and applied mathematics. The authors independently con‑
ducted participant recruitment, semi‑structured interviews, data transcription, iterative coding, and CMEO
framework‑based thematic analysis. Some researchers have practical teaching and research experience in voca‑
tional education, supporting an in‑depth understanding of dual‑teacher classroom scenarios. Notably, the team
had no supervisory, instructional, or contractual relationships with participants, ensuring unbiased data collec‑
tion. Potential interpretive bias originating from the researchers’ disciplinary backgrounds was mitigated through
multi‑stakeholder triangulation and cross‑author coding checks, with all research procedures fully documented to
guarantee methodological transparency and result trustworthiness.

3. Results
As shown in Table 3, the ϐindings are systematically structured under the uniϐied CMEO analytical framework

with four interrelated core dimensions, including constraints,mechanisms, enablers, andoutcomes. It includes how
multi‑level practical barriers generate adaptive instructional redesign strategies, how institutional infrastructure
and policy conditions shape the sustainability of these coping approaches, andwhy perceived teaching outcomes di‑
verge drastically across dual‑teacher classroomscenarios andparticipant groups for teachers, industry engineering
experts, students, and administrators.

Table 3. The CMEO framework of themes, codes, deϐinitions, and exemplar interview quotations.

Theme Code Deϐinition Exemplary Quotation

Constraints
C1 Data access &
industrial
conϐidentiality

Authentic enterprise production, processing and
industrial operation data are unavailable for intelligent
agent training and classroom teaching resource
generation due to conϐidentiality agreements.

“We cannot import real industrial network
operation and data processing cases into
intelligent agents; all enterprise core data is under
strict non‑disclosure restrictions.” (E02, Ex1)

Constraints C2 Tripartite
use‑reason gap

Dual teachers, industry experts and students can operate
intelligent agent tools or adopt AI‑generated content, yet
cannot independently interpret the underlying technical
logic, parameter standards and industrial compliance
requirements.

“Teachers only know basic agent operation,
students copy AI operation steps, and experts have
to spend extra time correcting all non‑compliant
technical logic from AI.” (T03, Ex2)

Constraints C3 Multidimensional
cognitive overload

Unϐiltered massive AI teaching suggestions, multi‑stage
practical task materials and scattered evaluation
feedback raise sorting and revision burden for teachers,
and information overload confuses students.

“The long practical training workϐlow of big data
majors produces hundreds of AI auxiliary
materials at once; sorting and modifying them
takes more time than self‑prepared courseware.”
(T04, Ex3)

Constraints
C4 Mismatch with
on‑site training
conditions

Intelligent agent teaching schemes ignore heterogeneous
campus training equipment, ϐixture resources and
workshop scheduling rules, resulting in low on‑site
operability.

“AI designs perfect IoT training procedures, but
our college lacks matching hardware, so nearly
half of the content cannot be implemented in
dual‑teacher classes.” (T01, Ex4)

Constraints C5 AI hallucinations &
training safety risks

Intelligent agents generate incorrect industrial standards
and misleading operation guidance; simulated training
fails to cultivate students’ on‑site safety judgment.

“Some AI data maintenance tutorials contain
wrong parameter settings; if students follow them
blindly, hidden operational risks will appear in
post‑internship.” (S03, Ex5)

88



Journal of Qualitative Research in Education | Issue 47 Eğitimde nitel araştırmalar dergisi

Table 3. Cont.

Theme Code Deϐinition Exemplary Quotation

Constraints C6 Over‑reliance on
automatic AI diagnosis

Students overly depend on intelligent agent fault
detection results and abandon complete systematic
troubleshooting training logic.

“When equipment errors appear, I directly input
fault codes to get AI answers and skip complete
step‑by‑step checks.” (S04, Ex6)

Constraints C7 Differentiated
learning pace mismatch

Uniϐied intelligent agent learning progress cannot adapt
to students’ uneven foundation, leading to either
repetitive simple tasks or incomprehensible advanced
technical content.

“The agent pushes identical learning tasks for all
students; weak learners cannot follow while
advanced students feel the exercises repetitive.”
(S03, Ex7)

Mechanisms
M1 Explanation‑ϐirst
dual‑teacher
assessment rubrics

Dual teachers and industry experts co‑design evaluation
standards, requiring technical reasoning and industrial
standard interpretation before scoring, to validate the
rationality of intelligent agent outputs.

“We jointly revised the assessment rubric: student
scores depend ϐirst on technical explanation,
AI‑generated operation results only serve as
auxiliary reference.” (T05, Ex8)

Mechanisms
M2 Teacher‑expert‑AI
tripartite
co‑assessment

Intelligent agents conduct standardized data screening
and preliminary scoring; dual teachers and industry
engineering experts conduct joint ϐinal review and
qualitative evaluation.

“AI automatically marks objective operational data,
while school teachers and enterprise experts
jointly evaluate students’ technical thinking and
safety awareness.” (E01, Ex9)

Mechanisms
M3 Multilayer
evidence‑chain
diagnostic training

Intelligent agents guide students to collect
multi‑dimensional evidence including sensor data,
operation trends and test records, forming complete
reasoning chains rather than single AI‑derived
conclusions.

“The intelligent agent training module forces
students to upload data stream records and test
results before submitting fault diagnosis
conclusions.” (T03, Ex10)

Mechanisms
M4 Interpretable
learning analytics for
targeted tutoring

Intelligent agent learning dashboards visualize students’
learning bottlenecks for dual teachers, shifting repetitive
knowledge explanation to targeted personalized
coaching.

“I check the agent’s learning analytics dashboard
before class to locate students’ common confusion
points and focus tutoring on these links.” (T04,
Ex11)

Enablers
E1 Tiered dual‑teacher
training & secure data
sandbox

Hierarchical digital literacy training for dual teachers and
isolated data sandbox platforms supports safe, compliant
intelligent agent trial use without real enterprise data
leakage.

“We launched three‑level training for dual
teachers and built a data sandbox to simulate
industrial data without involving conϐidential
enterprise information.” (A01, Ex12)

Enablers
E2 Campus private
model deployment &
edge inference

Local on‑campus intelligent agent model deployment and
edge computing reduce network latency and realize full
controllability of student training data circulation.

“All intelligent agent tools run on the college’s
private server via edge inference; no student
training data is uploaded to external public
platforms.” (A02, Ex13)

Enablers
E3 Institutional
governance guardrails
for human‑machine
collaboration

Clear school policy and technical restrictions prohibit
fully AI‑autonomous scoring, sensitive student data
uploading and unapproved industrial content generation.

“The college formulated clear rules: all AI teaching
materials must pass joint teacher‑expert review,
and AI cannot independently determine ϐinal
course scores.” (A02, Ex14)

Enablers
E4 Outcome‑oriented
collaborative
accountability
mechanism

Abnormal AI teaching cases are used as reform feedback
to optimize dual‑teacher curriculum design, rather than
merely punishing individual teachers.

“When unqualiϐied AI teaching content appears,
the teaching team holds a joint seminar to adjust
training tasks instead of blaming individual dual
teachers.” (A01, Ex15)

Enablers
E5 Industry‑course‑
certiϐication tri‑aligned
resource system

Desensitized enterprise resource libraries, dual‑teacher
course projects and vocational skill certiϐication
standards are fully aligned to standardize intelligent
agent training content.

“We connect enterprise real cases, daily
dual‑teacher training tasks and national skill
certiϐication standards, and add data
desensitization processing for all industrial
resources.” (A03, Ex16)

Outcomes
O1Workload
reallocation for dual
teachers

Routine material generation and preliminary sorting
work are undertaken by intelligent agents; dual teachers
shift energy to high‑value links including technical
tutoring, industrial standard interpretation and student
error correction.

“The agent completes courseware drafting and
automatic exercise sorting; I spend more time
guiding students’ practical operation and
communicating with enterprise experts.” (T05,
Ex17)

Outcomes
O2 Value‑driven
intelligent teaching
evaluation

Administrators shift evaluation focus from the quantity
of intelligent agent tools adopted to tangible
improvements in students’ vocational competency and
industrial employability.

“We no longer count howmany AI tools teachers
use; we assess whether intelligent agents help
students master post‑matching industrial
operation abilities.” (A01, Ex18)

3.1. Constraints: Multi‑Stakeholder Systemic, Professional and Cognitive Barriers
All four groups of participants identiϐied a set of intertwined constraints hindering the sustainable deployment

of intelligent agents in TVET dual‑teacher classrooms. Speciϐically, strict enterprise data conϐidentiality clauses
limit access to authentic production parameters and processing cases, reducing the authenticity and industrial
alignment of AI‑generated teaching resources (C1).

The tripartite reasoning gap across dual teachers, students and experts (C2) manifests in the fact that dual
teacher teachers can only operate intelligent agents mechanically, which cannot adjust algorithm parameters ac‑
cording to vocational training needs. In addition, industry engineering experts point out that the AI outputs lack
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rigorous industrial logic, and vocational students can replicate the AI operational steps but cannot explain the tech‑
nical principles and judgment criteria.

Frontline dual teachers have also reported severemultidimensional cognitive overload (C3). Intelligent agents
generate massive scattered teaching materials, evaluation suggestions and training schemes for long‑cycle IoT, big
data and computing practical tasks, which increases sorting, screening and revision burden.

Feasibility mismatches between AI‑generated content and physical workshop environments constitute an‑
other prominent constraint (C4). Intelligent agent‑generated training schemes ignore campus equipment speciϐica‑
tions, workshop ϐixture layouts and limited tool stocks, rendering auto‑generated teaching materials unworkable
for on‑site dual‑teacher instruction.

For vocational majors with high technical standard requirements, participants raised concerns over AI halluci‑
nations and training safety risks (C5). Misleading technical reasoning generated by intelligent agentsmay form bad
operational habits for students, and simulated training content cannot effectively develop students’ real‑world risk
judgment capabilities. Such AI hallucination risks also bring unique ethical hazards, which may mislead students
to form non‑compliant vocational operation perceptions in long‑term training.

Two additional participant‑speciϐic barriers are extracted from interview data. Firstly, over‑reliance on auto‑
mated AI fault diagnosis erodes students’ systematic troubleshooting thinking (C6). In addition, uniform learning
progress generated by intelligent agents fails to match students’ varied academic foundations and developmental
paces, triggering learning confusion and burnout (C7). The above two constraints C6 and C7 speciϐically reϐlect the
student‑speciϐic challenges arising from intelligent agent adoption in daily vocational learning, which are unsuit‑
able for the perspectives of teachers and industry experts.

Collectively, thesemulti‑stakeholder constraints explainwhy intelligent agents frequently increase rather than
reduce teaching and learning workloads. Dual teachers and industry experts must repeatedly ϐilter, revise and
calibrate AI outputs before they can be applied in ofϐicial dual‑teacher classrooms. Meanwhile, students also spend
extra time to distinguish reliable AI guidance frommisleading technical statements.

3.2. Mechanisms: Stakeholder Co‑Designed Pedagogical and Collaborative Coping Strategies
Confronted with the above multi‑dimensional constraints, dual teachers and industry engineering experts did

not fully delegate teaching and evaluation work to intelligent agents. Instead, they formed a set of human‑machine
collaborative instructional mechanisms through joint curriculum redesign. First, explanation‑oriented joint assess‑
ment rubrics (M1) jointly formulated by dual teachers and industry experts mandate students elaborate industrial
technical principles and parameter bases before obtaining assessment scores, which fundamentally restrains blind
dependence on raw AI outputs.

For high‑stakes vocational skill evaluation, the tripartite co‑assessment mechanism (M2) divides labor clearly.
Speciϐically, intelligent agents conduct standardized data aggregation and objective preliminary scoring, while cam‑
pus dual teachers and enterprise experts jointly complete subjective evaluations of operational norms, security
awareness, and technical thinking. It preserves absolute human ϐinal judgment.

In equipment fault diagnosis anddata analysis training and testing, the evidence‑chaindiagnosis trainingmech‑
anism (M3) embedded in intelligent agents forces students to collectmulti‑source operational evidence, eliminating
the disadvantage of directly replicating AI‑generated diagnostic conclusions.

Leveraging a visual learning analytics dashboard, dual teachers implement interpretable data‑driven coach‑
ing (M4). Intelligent agents automatically aggregate error records and learning bottlenecks, enabling teachers to
eliminate repetitive generic explanations and provide personalized guidance for different students.

Each human–AI collaborative mechanism corresponds to speciϐic classroom operational modes of intelligent
agents, which record the real‑time interaction behaviors of dual teachers, industry engineering experts and stu‑
dents during AI‑assisted dual‑teacher instruction.

3.3. Enablers: Institutional, Infrastructure and Industrial Supporting Conditions
Sustained human–AI collaboration relies on institutional and technical enablers identiϐied in participant in‑

terviews. Tiered teacher training and secure local data construct low‑risk environments for educators to develop
intelligent teaching resources (E1). On‑campus local model deployment and edge computing cut latency and con‑
ϐine internal training data locally to prevent industrial information leakage (E2).
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Formal institutional AI governance restricts high‑risk automated workϐlows, and prohibits unsupervised com‑
prehensive AI assessments, which prohibits unregulated uploading of student or proprietary factory data (E3). The
outcome‑based shared accountability system redeϐines problematic AI teaching practices as opportunities for dig‑
ital curriculum improvement, rather than treating them as punitive burdens on teachers (E4). In addition, the
aligned school‑industry certiϐication resource library provides desensitized vocational datasets for proxy use, solv‑
ing the common content mismatch constraint in dual‑teacher classrooms (E5).

Overall, these ϐive institutional safeguards offset the extra workload incurred by AI output validation and tech‑
nical adjustments, forming a stable long‑term supportive framework for human‑AI collaborative vocational training.

3.4. Multi‑Stakeholder Perceived Shifts in Workload, Learning Burden and Time Allocation
Respondents from all four stakeholder groups refuse to view intelligent agents merely as a time‑saving tool.

Rather than reducing overall workloads, AI redistributes labor burdens unevenly among dual teachers, industry
experts, administrators, and students. Although algorithms have accelerated mechanical tasks including course
drafting and student record sorting, they have also introduced new instructional and learning burdens. Frontline
practitioners must validate algorithm outputs, match general AI materials with local training hardware, and assess
the reliability of the generated technical content. In addition, students also need extra work to ϐilter out misleading
AI illusions and inaccurate operational guidance. Ultimately, intelligent agents will restructure cross‑group labor
burden rather than saving net time.

The transformation of this AI workϐlow constitutes a continuous iterative adaptation cycle, rather than a ϐinal
digital teaching model. While daily tasks can be completed faster, previously hidden collaborative responsibilities
will become ongoing daily work. Speciϐically, teachers explain the rules for using AI, industry experts calibrate
algorithm outputs according to industry standards, and educators guide students in detecting algorithm defects.
This labor transfer redistributes energy to material creation, technical auditing, classroom interpretation, and one‑
on‑one tutoring.

The perceived efϐiciency of AI is closely related to the dynamics of collaborative stakeholders. Although in‑
telligent agents reduce courseware development time for teachers, unpolished algorithm outputs can generate
cascading additional work, including student clariϐication, industrial content revision, and repetitive classroom
corrections, thereby eroding the initial time‑saving beneϐits. Administrators hold a consistent complementary per‑
spective, where they pay less attention to whether a single task saves time, and focus more on whether intelligent
agent‑assisted dual‑teacher teaching can gain consistent recognition from students, enterprise partners and institu‑
tional teaching quality supervision teams. Within this sample dataset, institutional and industrial legitimacy exerts
an equally strong inϐluence on perceived efϐiciency as time‑saving speed.

3.5. Descriptive Indicators for Analytic Transparency
For analytical transparency without statistical inference signiϐicance, some descriptive statistical indicators

are employed from the qualitative interview samples and coding outputs, as shown in Table 4. These indicators
illustrate the scale and structural distribution of the full sample, the balance of interviewdata from four stakeholder
groups, and the comprehensive composition of the CMEO codebook formed after iterative coding.

Table 4. Descriptive indicators of the qualitative interview sample and CMEO coding outputs.

Indicator Value Notes

Total semi‑structured interviews 15 Four stakeholder groups: dual teachers, industry engineering
experts, vocational students, teaching administrators.

Participant role distribution
Dual Teachers: 5
Industry Experts: 3
Students: 4
Administrators: 3

Purposive sampling covering all core stakeholders involved in
dual‑teacher classrooms

Institution types involved Higher vocational college: 8
Secondary vocational college: 7

IoT, computer application, big data majors covered in both school
types

Range of working/learning tenure
Teachers & Experts: 6–18 years
Students: 2–4 academic years
Administrators: 17–20 years

Self‑reported duration of vocational teaching, industrial practice or
school learning
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Table 4. Cont.

Indicator Value Notes

Total CMEO codebook size 18 independent codes Fully listed in Table 3 under four core thematic families

Code distribution across CMEO categories
Constraints: 7
Mechanisms: 4
Enablers: 5
Outcomes: 2

Code quantity reϐlects analytical coverage rather than practical
inϐluence magnitude

The indicators demonstrate that the CMEO analytical framework is built on a diversiϐied, bounded sample
covering dual teachers, industry engineering experts, vocational students and teaching administrators across three
types of vocational institutions. Meanwhile, the four overarching CMEO thematic families and 18 secondary codes
remained unchanged in the later coding stage, and the ϐinal three supplementary interviews only provided detailed
illustrative cases without generating new primary themes or reconstructing the overall codebook. Speciϐically, the
ϐixed 18 CMEO codes reϐlect stable stakeholder perceptions of intelligent agent application, which validates the
practical value of the inductive CMEO framework rather than a hollow classiϐication tool.

4. Discussion
The interview evidence contradicts the prevalent assumption that intelligent agents produce universal efϐi‑

ciency within dual‑teacher vocational training. While intelligent agents have accelerated repetitive drafting and
categorization, practitioners bear supplementary workloads in content validation, technical revisions, and stake‑
holder communication. For careers in computing and IoT‑related vocational tracks, universal AI‑generated out‑
puts are impractical if it is incompatible with campus equipment, evaluation standards, and industrial safety stan‑
dards [19]. Therefore, this study deϐines AI efϐiciency as a multi‑stakeholder professional judgment constrained by
context, rather than an objective productivity indicator. All results rely on subjective practitioner accounts across
departments, and it cannot validate long‑term institutional or student learning outcomes.

This ϐinding directly challenges the prevailing linear assumption in prior AI education literature that tool avail‑
ability automatically generates teaching efϐiciency. Most existing quantitative and small‑scale qualitative studies
rely solely on teacher self‑reported time savings and overlook offsetting veriϐication and interpretive workloads, a
gap this study addresses through multi‑stakeholder cross‑veriϐied interview data.

Besides, the critical comparison is implemented with the classic technology acceptance model, which focuses
on the perceived usefulness and ease of use for individual teachers. However, it ignores the multi‑party labor re‑
distribution and workshop environment constraints, which are unique to TVET. The results supplement the back‑
ground boundary conditions that limit the predictive ability of general AI in the context of vocational training.

Unlike traditional topic coding frameworks, the CMEO framework is constructed as a systematic theoretical
lens for analyzing the collaborative logic between humans and AI. It reveals how core constraints reshape collab‑
orative teaching between humans and AI, rather than treating these obstacles as secondary background variables.
The tripartite mismatch between teachers, industry experts, and students has led to interpretation‑focused assess‑
ments and joint tripartite assessments. The inconsistency between the output of general AI and the on‑site seminar
environment further requires evidence‑based diagnostic training and manual content adjustment. Institutional
safeguards have reduced veriϐication costs and maintained these mitigation measures, including tiered teacher
training, isolated data sandboxes, and localized algorithm deployment [20]. The previous studies have divided
constraint analysis, coping strategies, and institutional support into isolated discussions. In addition, the closed‑
loop causal chain of CMEO ϐills the fragmented gap by theorizing their interactions, rather than simply grouping
empirical observations.

The institutional framework reduces the adoption risk of AI through standardized functional restrictions, com‑
pliant data management, and manual supervision. If there were no such rules, repeated revisions would eliminate
the efϐiciency improvement of AI. The unique vocational and technical education and training security and hard‑
ware limitations further exacerbate these conϐlicts. Existing vocational AI scholarship mostly discusses supportive
mechanisms or risk barriers in isolation. Few studies systematically link structural constraints, adaptive coping
behaviors and institutional safeguards into an interconnected analytical system. The closed‑loop CMEO logic pro‑
posed here ϐills this fragmentation gap by revealing how contextual limits, practitioner responses and institutional
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support jointly shape ϐinal human‑AI teaching outcomes [21]. It also extends teacher collaboration theories, which
predominantly focus on intra‑school teacher cooperation and neglect the tripartite school‑enterprise‑student col‑
laborative structure embedded in TVET dual‑teacher models.

The respondents only recognized marginal efϐiciency gains in repetitive tasks, and shifted the focus of educa‑
tors to high‑value coaching and risk auditing. Besides, no participants reported an overall increase in productivity.
On the contrary, AI brings new cross‑role burdens to content calibration and technical interpretation, redistributing
labor rather than reducing overall workload [22]. Nearly all existing TVET AI literature centers on teachers as the
sole research subject, ignoring workload shifts borne by industry mentors and vocational learners. By integrating
student and industry expert narratives, this study expands the stakeholder scope of labor redistribution analysis
and uncovers hidden cross‑group burdens invisible in single‑perspective research designs. This multi‑stakeholder
labor redistribution extends the technology integration framework, which rarely distinguishes the workload allo‑
cation of teachers, enterprise experts, and students in security‑sensitive practice training.

The CMEOmodel identiϐies imbalanced AI performance in different teaching tasks. It has handled standardiza‑
tionworkwell, but has failed in relyingonexperience for fault diagnosis and safety judgment. Most existing research
has overlooked audit risks and the speciϐic costs of vocational and technical education and training. The background
comparison does not claim widespread novelty, but rather elucidates the speciϐic theoretical value of the frame‑
work for vocational and technical education and training safety training scenarios [23]. Unlike prior fragmented
research, this proposed CMEO framework integrates constraints, pedagogical responses, institutional enablers and
stakeholder outcomes into a complete closed‑loop logical chain. It further supplements multi‑stakeholder perspec‑
tives including students and industry experts absent in most existing vocational AI literature, which extends the
current analytical paradigm of human‑AI collaboration and forms the core theoretical contribution of this qualita‑
tive study [24].

Student distrust of AI‑generated feedback brings extra interpretive workloads on dual teachers, making inter‑
pretability a prerequisite for practical collaboration rather than a purely moral standard. Unlike low‑risk material
editing tasks, high‑risk seminar training restricts unveriϐied AI results. The one‑size‑ϐits‑all institutional AI rules
ignore differentiated task risks and cannot support targeted classroom practices. Existing educational AI ethics lit‑
erature frames algorithm transparency as a distant institutional standard, yet this study empirically demonstrates
that explainability becomes an immediate daily operational burden in safety‑critical vocational training, advancing
context‑bound ethical discussions tailored to TVET settings.

There are two key ϐlaws in the current promotion of AI in institutions. Schools prioritize tool acquisition over
supporting governance and risk mitigation, shifting all risks onto teachers. The general digital policy also fails to
align with the practical demands of dual teacher classrooms [25]. Stable, effective intelligent teaching cases tie con‑
crete supervision rules to speciϐic training tasks, instead of relying on vague broad policy statements. Standardized
institutional AI governance and ethical guardrails are indispensable enablers to regulate the safe and compliant
application of intelligent agents in dual‑teacher classrooms.

Existing research on vocational college digital transformation predominantly focuses on infrastructure invest‑
ment, with little empirical evidence explaining why AI tool deployment frequently fails in dual‑teacher systems.
This study provides actionable, classroom‑level governance countermeasures that bridge macro digital policy and
micro workshop practice, offering practical extensions to institutional AI management literature.

Qualitative semi‑structured interviews ϐit this research perfectly. Human‑AI interaction in vocational dual‑
teacher classrooms contains abundant tacit context‑dependent experience, which cannot be quantiϐied by conven‑
tional quantitative approaches. Only in‑depth open interviews can capture diversiϐied, subtle perceptions of tool
usage from multi‑stakeholder groups, which fully justiϐies the adoption of qualitative methodology in this study.
In addition, most existing studies only discuss AI efϐiciency from a single teacher perspective and ignore differen‑
tiated task risks and multi‑stakeholder judgment legitimacy. This study further supplements vocational‑exclusive
safety and industrial matching constraints based on the CMEO framework, and challenges the oversimpliϐied view
that tool access equals efϐiciency widely adopted in mainstream literature. All derived theoretical supplements are
bounded by the localized qualitative sample and cannot be generalized to all vocational education types without
cross‑regional veriϐication.
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5. Conclusions
This studyadoptedqualitative semi‑structured interviewswith15 stakeholders to explore intelligent agent em‑

powermentwithin vocational dual‑teacher classrooms via the CMEO analytical framework, including dual teachers,
industry engineering experts, vocational students and teaching administrators. The results ϐirst identiϐied seven
multi‑stakeholder constraints covering data conϐidentiality barriers, tripartite use‑reason gaps, training equipment
mismatches and AI safety hallucination risks. Second, four human‑agent collaborative coping mechanisms centred
on explanatory assessment and joint tripartite evaluation are extracted tomitigate the above barriers. Third, ϐive in‑
stitutional enablers including localizedmodel deployment, tiered teacher training and industry‑course‑certiϐication
alignment are proven essential to sustain stable intelligent teaching. Finally, the ϐindings clariϐied that intelligent
agents redistribute rather than reduce teaching and learning workload. Efϐiciency gains only emerge under com‑
plete institutional governance and human supervision. Distinct from prior single‑group teacher‑focused research,
this paper integrates perspectives of teachers, industry experts and students, revealing task‑differentiated applica‑
bility of intelligent agents and exposing the defects of institutional oversimpliϐied AI popularization strategies.

Notably, the CMEO framework acts as a context‑speciϐic analytical tool rather than a universal standardmodel.
It is only applicable to dual‑teacher training classrooms for computing and IoT majors in Jiangsu vocational col‑
leges. The CMEO framework and corresponding practical coping strategies cannot be directly generalized to all
types of vocational regions or majors without further cross‑regional veriϐication. Variations in regional industrial
cooperation, local education policies and training majors will alter human‑AI collaboration dynamics. Accordingly,
the CMEO framework and corresponding practical coping strategies cannot be directly generalized to all types of
vocational regions or majors without rigorous cross‑regional and cross‑major veriϐication.

For future research, follow‑up quantitative large‑sample surveys can be conducted to validate the generaliz‑
ability of the CMEO framework across more vocational majors and regional colleges, and quantify the impact in‑
tensity of each constraint and enabling condition. Second, intervention research can design targeted intelligent
agent modules embedded with human‑expert collaborative review functions, and conduct long‑term classroom
tracking to observe actual improvements in students’ vocational operation ability. Third, cross‑regional compar‑
ative research can be carried out to analyze how varying institutional policy support and industrial cooperation
levels shape human‑agent collaboration modes in dual‑teacher classrooms, so as to propose more differentiated,
operable digital teaching reform schemes for vocational education.
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