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Abstract

Artificial intelligence (AI) is reshaping the architecture, engineering and construction (AEC)
sector. However, AEC education remains rooted within traditional disciplinary boundaries
and a technology-centric training model, creating a widening mismatch between graduates’
capabilities and the cognitive, collaborative, and interdisciplinary demands of AI-enabled
practice. Situated within the Chinese higher education context, this study bridges this gap
through a multi-stakeholder survey (n = 352) noting perspectives from academia, industry
and research. One-way ANOVA and Tukey’s HSD test were used to examine differences
across stakeholder groups and disciplines, while a Bayesian Network was developed to
model competency pathways, simulate intervention scenarios and identify key leverage
points for curriculum reform. The analysis reveals that meaningful AI integration requires
a reconstruction of competency, rather than the mere addition of standalone technical or
software courses; it calls for fundamental changes in professional formation, curricula and
pedagogy. Four core competencies emerged from the data: professional expertise, sys-
tems thinking, interdisciplinary collaboration and AI-enabled problem-solving. Bayesian
Network simulations further indicated that curriculum expansion alone improved AI
knowledge acquisition by 39.6%, but yielded only modest gains in practical skills (13.9%)
and application competencies (4.5%). By contrast, integrated interventions that combined
teacher development, university–industry collaboration and project-based practice pro-
duced substantial improvements in AI application competencies (37.9%), employment
adaptability (29.3%) and industry satisfaction (14.1%). These divergent findings highlight
the necessity of coordinated educational interventions to reconcile stakeholder expecta-
tions and foster AI-oriented competency development. Based on this evidence, the study
proposes a competency-oriented framework and a phased curriculum transformation path-
way, providing an empirical foundation for AI-driven curriculum reform and competency
reconstruction in AEC education.

Keywords: artificial intelligence; architecture; engineering and construction education;
curriculum transformation; stakeholder perspectives; professional competencies; educational
reform; China

1. Introduction
The architecture, engineering and construction (AEC) sector is undergoing a profound

epistemic shift. Artificial intelligence (AI) is now embedded across the industry through
generative design, computer vision, digital twins, predictive analytics and intelligent con-
struction systems [1,2]. These developments do not merely automate routine tasks; they
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are restructuring the cognitive and collaborative framework within which built environ-
ment professionals operate [3–5]. Where expertise was once defined by disciplinary depth
and representational craft, contemporary practice increasingly demands an integration
of domain knowledge with computational reasoning, data-driven decision-making, and
human–AI interaction [6,7]. As AI becomes embedded into professional workflows, long-
standing assumptions about the competencies required for architectural and construction
practice are being reconsidered [8,9]. Yet despite the urgency of this shift, the response
from universities have consistently lagged behind the pace of industrial change. Existing
research on digital transformation in architectural education has concentrated, for the most
part, on discrete technological interventions—building information modeling, parametric
design, virtual reality and computational design studios [10–12]. More recently, attention
has shifted to the pedagogical integration of generative AI tools within architectural cur-
ricula [13,14]. These studies have explored instructional strategies for incorporating such
tools, offering practical exemplars for advancing teaching methods, fostering students’ in-
terdisciplinary thinking and mapping actionable pathways for the reconstruction of design
pedagogy [15,16]. While a growing body of literature documents the incorporation of AI
technologies into individual courses and instructional settings; broader questions concerning
the educational implications of AI, however, remain insufficiently addressed [17].

The current discourse on AI integration AEC education reveals three limitations that
this study confronts. First, most of the existing scholarship has adopted an instrumental
lens, focusing on isolated technological interventions, specific software applications, or
the grafting of technical modules onto existing curricula [18,19]. This preoccupation with
technological supplementation obscures a more fundamental question: how does the
introduction of computational intelligence alter the formation of a competent professional?
By failing to interrogate how AI restructures learning pathways and the wider ecology of
the curriculum, the literature reinforces a narrow, skills-based view of education, leaving
the core epistemological traditions of the design studio unexamined [20,21]. This results
in a deepening misalignment: graduates are technically introduced to new tools but
left without the integrative judgment to deploy them critically [22]. Consequently, the
relationship between emerging industry expectations and existing educational structures
remains underexamined.

Second, the process of educational transformation is frequently discussed as a mono-
lithic project, ignoring the contested terrain of pedagogical values. Stakeholder perceptions
of AI-oriented talent development is likely to differ substantially across students, faculty
members, industry practitioners and researchers. A student seeking professional rele-
vance, a faculty member safeguarding disciplinary artistry and an industry practitioner
demanding immediate productivity will naturally prioritize different competencies [23].
However, rigorous empirical work that systematically maps these perceptual cleavages
among multi-stakeholder within AEC education remain limited [24,25]. The absence of
such analysis narrows the scope of curriculum reform and risks overlooking competing
educational priorities. This silence in the research allows a harmonious narrative, one
that masks conflicts which, if left unaddressed, can derail reform efforts by producing
curricula that satisfy no constituency and fail to cohere into a meaningful pedagogical
vision. This result is a one-sided understanding of talent development objectives and
curricular arrangements [26,27].

Third, the framing of AI integration as a technological problem to be solved precludes
a more profound reckoning with institutional and pedagogical transformation. The dom-
inant logic suggests that adding AI-related courses or mandating software literacy will
equip students for the future. This is a category error. The challenge is not merely techno-
logical but pedagogical and structural; it demands a re-examination of how knowledge
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is scaffolded across a degree program, how interdisciplinary collaboration is incentivized
and how the design studio can evolve into a site for critical inquiry rather than stylistic pro-
duction [28,29]. Without addressing these deeper institutional logics, AI in education risks
becoming a simulacrum of innovation—a veneer of modernity applied to a fundamentally
unchanged pedagogical core [30].

Moreover, existing studies overwhelmingly evaluate current educational practices
but rarely examine how different educational reform strategies might influence future
competency development under conditions of rapid AI technologies [31]. Given the
uncertainty and accelerating pace of AI innovation, educational planning requires not
only explanatory evidence but also predictive insights that can anticipate the potential
consequences of alternative reform pathways [32]. However, conventional educational
research methods are designed primarily to identify relationships or group differences;
they offer limited support for forecasting the long-term effects of curriculum interventions
within complex educational systems.

Unlike previous studies that emphasize AI tool adoption, curriculum enhancement,
or isolated competency identification, this study conceptualizes AI-enabled educational
transformation as a process of competency reconstruction driven by the co-evolution of
technology, industry and education. We argue that AI fundamentally reshapes professional
tasks, competency structures and educational ecosystems. To address the limitations identi-
fied above, this study adopts a multi-stakeholder perspective to investigate the systemic
transformation of AI-integrated talent cultivation in undergraduate architectural educa-
tion. We introduce a research framework adopting a mixed empirical research approach
(Figure 1). This research is guided by four objectives: (1) to identify the core competency
requirements for AI-oriented AEC professionals; (2) to examine differences among multiple
stakeholders regarding curriculum design, teaching approaches and competency priorities;
(3) to develop a systematic AI-integrated competency reconstruction framework and a
phased curriculum transformation pathway based on multi-stakeholder perspectives; and
(4) to construct a Bayesian Network model to simulate alternative educational reform
pathways and identify effective intervention strategies for enhancing AI-oriented compe-
tency development. To achieve these objectives, the study first conducts a comprehensive
literature review to identify major challenges associated with AI talent cultivation in the
AEC industry. These challenges are further translated into educational terms, providing
the theoretical basis for constructing the survey framework and competency assessment
dimensions. Second, a questionnaire survey involving 352 participants drawn from mul-
tiple stakeholder groups, including students, faculty members, researchers and industry
professionals, is conducted to capture diverse perspectives on AI-oriented AEC education.
The resulting data are analyzed using descriptive statistics, one-way analysis of variance
(ANOVA), Tukey’s honestly significant difference (HSD) test, and Bayesian Network anal-
ysis to identify overall trends, stakeholder differences and potential causal relationships
among educational factors.

This study contributes to the literature in three respects. First, it reconceptualizes AI-
enabled educational transformation as a process of competency reconstruction rather than
technology adoption, providing a new theoretical perspective for AI-oriented engineering edu-
cation. Second, it proposes a dynamic, feedback-driven competency reconstruction framework
that links technological evolution, professional task transformation, educational reform and
talent cultivation into a continuous process of co-evolution. Third, recognizing that existing
studies primarily explain current educational phenomena but rarely anticipate the future im-
pacts of educational reform, this study integrates data-driven algorithms as a decision-support
approach to simulate alternative competency development pathways and enable predictive,
evidence-based curriculum planning under rapidly evolving AI-driven contexts.

https://doi.org/10.3390/buildings16153094

https://doi.org/10.3390/buildings16153094


Buildings 2026, 16, 3094 4 of 34

 

AI-driven Transformation in AEC 

Research Context
• Mismatch between industry demand for Al skills and AEC education outcomes

Research Question(RQ)
• RQ1:  What are key competency needs? 

• RQ2:  What are current education gaps?

• RQ3:  How to redesign curriculum?

Methodology

Survey
Survey (n = 352) of students, 

researcher, faculty, and industry 
professionals

Proposes pathway for AI talent 
cultivation of AEC industry

Conclusion

Key Findings 
• Curriculum transformation

• AI Talent Competency Requirements
• Stakeholder differences

Comparative analysis
Descriptive analysis

One-way analysis of variance
Tukey's Honestly Significant Difference

Bayesian Network analysis

Literature Review
Challenges in cultivating AI talent 

for the AEC industry

Limitations and Future research

Industry 
issues

Technical 
challenges

Educational 
difficulties

Figure 1. Research Framework.

The study is situated within China’s higher education system, a compelling site for
such an inquiry. As one of the world’s largest construction markets and a state-prioritized
arena for smart city development, digital infrastructure and sustainable urbanization, China
offers a significant setting in which to examine how higher education institutions respond to
AI-driven industrial transformation [33,34]. Each year, the country produces a vast cohort of
graduates in architecture, urban planning, civil engineering and construction management.
The capacity of its institutions to adapt will directly shape not only individual employability
but also the productive and innovative potential of a global industry. The confluence of
scale, state-driven technological ambition and deep-seated pedagogical tradition presents a
sharpened set of both opportunities and systemic obstacles [35]. Thus, the pressures and
negotiations observed within this context offer critical, transferable insights for educational
systems worldwide grappling with the same paradigmatic transition.

2. Literature Review and Problem Analysis
2.1. Literature Retrieval and Identification

This study employed a scoping review methodology to systematically map and syn-
thesize the existing literature on AI in the AEC domain. The review process was conducted
in accordance with the PRISMA Extension for Scoping Reviews guidelines, encompass-
ing all key stages, including research question formulation, search strategy development,
eligibility criteria definition, independent study screening, data extraction, and evidence
synthesis [36]. Its purpose was to ground the survey instrument in a systematic analysis
of the existing literature. To ensure both the academic rigor and contemporary relevance,
the Web of Science Core Collection was selected as the primary database because of its
comprehensive coverage of high-quality international research. The search focused on

https://doi.org/10.3390/buildings16153094

https://doi.org/10.3390/buildings16153094


Buildings 2026, 16, 3094 5 of 34

peer-reviewed journal articles and review papers addressing the intersection of AI and the
AEC industry. Search terms were organized into three thematic groups—core keywords,
technology-oriented keywords and education-oriented keywords—to capture the intersect-
ing dimensions of AI, AEC, digital transformation, and talent cultivation (Table 1). The
search covered publications from 2018 to 2025, a period corresponding to the acceleration
of digital and intelligent transformation across the sector, chosen to ensure the relevance
and currency of the reviewed material.

Table 1. List of search keywords.

Category Search Terms Search Period

Core Keywords AI, Architecture, Engineering, Construction,
Digitalization, Intelligent

2018–2025
Technology-oriented keywords Building engineering, Intelligent construction,

Generative AI, Innovation

Education-oriented keywords AI talent development, Talent cultivation systems,
AEC education, Curriculum development

The initial database search identified 906 records. After removing duplicates, 847 unique
publications remained. Two independent reviewers then screened titles and abstracts, exclud-
ing 628 records that did not meet the inclusion criteria. The remaining 219 articles underwent
full-text assessment, during which conference abstracts, non-empirical studies, and pub-
lications with insufficient relevance to the research objectives were excluded. Ultimately,
131 studies were included in the final review. To ensure the reliability of the screening process,
two reviewers independently completed each stage of study selection. Inter-rater agreement
was high, with a Cohen’s kappa coefficient of 0.87. Disagreements were resolved through
discussion and consensus or, when necessary, by consultation with a third reviewer. The
complete literature selection process is illustrated in Figure 2.

 

Figure 2. PRISMA Flowchart for Literature Selection.
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2.2. Literature Analysis

The integration of AI into the AEC sector is not solely a technological undertaking; it
is a challenge that implicates professional formation at every level. Industry transformation
generates new competency demands, technical barriers define the knowledge and skills
required in practice and educational systems determine whether such competencies can
be developed at scale. These three dimensions—industry, technology and education—are
not parallel concerns but tightly coupled: shortcomings in one cascade into the others. The
literature review is therefore organized around these interconnected domains, examining in
turn the challenges of AI integration, the competencies they necessitate, and the educational
inadequacies they expose.

2.2.1. Challenges in Integrating AI with the AEC Industry

The literature reveals persistent obstacles across all three domains. At the industry
level, data management in the AEC sector remains insufficiently standardized, limiting the
capacity of AI technologies to adapt effectively to diverse project contexts and to integrate
seamlessly into real-world workflows [37]. Moreover, the level of digital integration across
disciplines remains low, and cross-disciplinary technological collaboration is still limited,
hindering the emergence of an integrated operational framework [38–40]. Heterogeneous
data formats, fragmented stakeholder collaboration and decentralized collection practices
across project phases produce information environments in which data are isolated within
organizational and temporal boundaries. This fragmentation impedes interoperability
and limits the capacity of AI models to support the advanced analytics that large-scale
construction projects demand [41,42].

These industry-level constraints are mirrored at the technology application level.
Integration between AI technologies and mainstream AEC software ecosystems remains
limited [43,44] and poor interoperability among heterogeneous platforms creates significant
barriers to seamless data exchange [45,46]. Design and construction processes routinely
involve multiple, competing objectives under conditions that require high computational
efficiency—conditions that stretch the capabilities of current AI systems [47,48]. Further-
more, the performance of AI models depends heavily on the scale and diversity of training
data. Where datasets are small or homogenous, model adaptability and generalizability de-
grade, limiting the reliable deployment of AI in complex real-world project settings [49,50].

At the educational level, these industry and technical challenges converge into a persis-
tent talent deficit. The shortage of AI-capable professionals is widely acknowledged across
the sector; however, understanding of AI among stakeholders remains limited, impeding
the development of a systematic framework for integrating AI into AEC practice [51,52].
At the same time, educational institutions have struggled to keep pace with the rapid
evolution of AI technologies, resulting in a growing mismatch between curricular con-
tent and professional requirements [53]. A substantial gap separates the routine use of
general-purpose AI tools from the capacity to adapt, customise, or develop AI solutions for
AEC-specific contexts [54]. Most students demonstrate basic competence in operating such
tools but lack this deeper adaptive capacity and are able to perform basic operations, yet
lack the capacity to adapt, customize, or develop AI solutions for AEC specific contexts [55].
Collaborative mechanisms linking universities, industry and individual learners remain
underdeveloped and genuinely cross-disciplinary approaches to talent development are
still exploratory [56,57]. The limited availability of educational resources that integrate
knowledge across architecture, AI and data science further constrains the development of
interdisciplinary professionals [58]. Collectively, these challenges contribute to a persistent
gap between the competencies acquired by graduates and the skills required in industry,
limiting their ability to meet the evolving demands of the AEC sector [59,60].
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2.2.2. Competency Frameworks for AI-Oriented AEC Professionals

If the challenges documented above define the problem space, the competencies
required to navigate it are beginning to crystallize in the literature—again clustering
around the industry, technology and education dimensions. At the industry level, the
literature points towards professionals who can develop AI solutions tailored to the specific
demands of design, construction and operation scenarios, rather than merely applying
generic tools [61,62]. Such professionals must be capable of integrating heterogeneous data
from multiple sources, overcoming the system fragmentation described earlier and enabling
data interoperability across the project lifecycle [63,64]. These integrative capabilities are
regarded as prerequisite for any large-scale deployment of AI in the AEC sector [65].

At the technological level, the required competencies extend well beyond software pro-
ficiency. Professionals need the capacity to bridge AI technologies with industry-standard
platforms [66,67] and to draw on both computational methods and domain expertise when
addressing complex design and construction challenges [68,69]. They must also be able
to manage the limitations associated with data availability, scale and diversity, thereby
enhancing the applicability and robustness of AI models in real-world AEC contexts [70,71].
At the educational level, the competency framework shifts toward curricular and pedagogi-
cal leadership. AI-oriented AEC professionals should possess a systematic knowledge base
spanning architecture, AI, and data science—not as separate domains but as an integrated
foundation [72]. They are expected to drive curriculum innovation by integrating AI into
interdisciplinary teaching and by strengthening students’ capacity to apply computational
approaches within professional practice [73,74]. The literature further suggests that such
professionals should be able to design personalized learning pathways that improve cur-
ricular coherence and align graduate outcomes more closely with industry needs, thereby
supporting the systematic cultivation of interdisciplinary talent for the AEC sector [75,76].

Existing studies have primarily focused on identifying AI-related competencies, evalu-
ating curriculum implementation, or comparing stakeholder perceptions. However, limited
attention has been paid to how alternative educational interventions influence competency
development or how curriculum reform strategies can be evaluated before implementa-
tion. Consequently, educational reform remains largely experience-driven rather than
evidence-driven (Table 2).

Table 2. AI-Related Challenges and Competency Requirements for Future AEC Professionals.

Issue Barrier Description Talent Competency
(Student and Teacher)

Corresponding
Questionnaire Items

Industry-Related
Challenges

Lack of standardized data
management and limited
technological adaptability
across application scenarios

Ability to collaborate across
disciplines and develop
context-specific AI applications

II. Perceptions of AI Adoption
in the AEC Industry
IV. Required Competencies for
Future AEC Professionals

Limited integration of digital
technologies across AEC
disciplines

Ability to integrate AI
technologies with domain-specific
AEC knowledge

Limited inter-organizational
collaboration and slow adoption
of AI technologies

Ability to coordinate and utilize
multi-source data for
collaborative decision-making
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Table 2. Cont.

Issue Barrier Description Talent Competency
(Student and Teacher)

Corresponding
Questionnaire Items

Technical Challenges

Difficulty in integrating AI
technologies with traditional
architectural workflows

Ability to integrate AI tools into
existing AEC workflows and
professional software
environments

III. Key Issues in AI-Enabled
AEC Education
IV. Required Competencies for
Future AEC Professionals

Trade-off between complex
design objectives and
computational speed constraints

Ability to understand and apply
AI-assisted optimization methods
for design and engineering
problems

Software incompatibilities and
the absence of unified industry
standards

Ability to manage cross-platform
data integration and adapt to
emerging digital standards

Limited AI model adaptability
due to insufficient data volume
and diversity

Ability to understand data
requirements and evaluate AI
model applicability in
professional contexts

Educational Challenges

Fragmented and superficial
student understanding of AI

Ability to develop structured
understanding of AI concepts and
their professional applications

IV. Required Competencies for
Future AEC Professionals
V. Reform in Curriculum
Design and Teaching Practice
VI. Assessment, Evaluation,
and University–Industry
Collaboration

Lagging curriculum
development behind rapid AI
advancement

Ability to design and execute
technology-integrated
instructional schemes

Disconnect between traditional
AEC education and AI tool
application

Ability to align AI capabilities
with professional domain
requirements

Limited collaboration among
universities, industry partners,
and other stakeholders

Designing interdisciplinary
curricula across multiple domains;
Ability to collaborate in
interdisciplinary teams across
AEC and AI-related fields

Shortage of interdisciplinary AI
course materials

Utilizing AI to design
personalized learning pathways
for students; Ability to identify
and apply interdisciplinary AI
learning resources

Misalignment between graduate
competencies and industry
requirements

Ability to continuously update
professional competencies
according to evolving industry
requirements

3. Methods
3.1. Questionnaire Design
3.1.1. Questionnaire Development and Sampling Strategy

The questionnaire items were developed based on previous studies on AI literacy,
professional competency frameworks, digital transformation in AEC practice and built
environment pedagogy. The questionnaire consisted of six measurement dimensions: (1) AI
competency requirements, (2) interdisciplinary collaboration, (3) curriculum adaptability,
(4) teaching challenges, (5) practical training demands, and (6) industry–education align-
ment. These variables were adapted from the existing literature on AI literacy, professional
competency frameworks, and built environment pedagogy (Section 2). To ensure content
validity and contextual relevance, the preliminary questionnaire was reviewed by experts
from both academia and industry. Their feedback informed revisions to the wording,
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improved the clarity of survey items, and ensured that the instrument accurately reflected
the educational and professional realities of AI integration in the AEC field.

Given that AI-oriented educational transformation involves divergent expectations
and systemic tensions among key actors, this study employed a purposive, multi-
stakeholder sampling strategy. To move beyond a single-perspective bias, the survey
targeted four distinct groups: undergraduate students, university faculty, academic re-
searchers and industry professionals. This sampling design stems from the rationale that
AI transformation in AEC education simultaneously intersects with institutional curricu-
lum reform, evolving industry competency expectations, pedagogical challenges faced by
educators, and students’ authentic learning experiences. Consequently, elucidating these
perceptual divergences is critical for identifying competency gaps and formulating action-
able educational reform strategies. A total of 360 questionnaires were administered across
these target cohorts. Following the exclusion of incomplete or inconsistent submissions,
352 valid responses were retained, yielding an effective response rate of 97.7%.

Although the multi-stakeholder sample provides diverse perspectives from major
participants involved in AEC education and practice, potential selection bias should be
acknowledged. Individuals with greater awareness of or interest in AI technologies may
have been more willing to participate. To mitigate this potential bias, respondents were
recruited from multiple AEC-related disciplines, including architecture, urban planning,
civil engineering, intelligent construction and engineering software, ensuring broader
representation of AI-related educational needs across different professional contexts.

3.1.2. Questionnaire Design and Content Validation

Given that this study employed a non-scale questionnaire consisting primarily of
categorical, multiple-choice and scenario-based items, the instrument was designed to
identify stakeholders’ perceptions, expectations and preferences rather than to measure
latent constructs through multiple reflective indicators. Therefore, conventional psycho-
metric approaches, such as internal consistency reliability testing (e.g., Cronbach’s α) and
construct validity assessment (e.g., exploratory factor analysis), were not applicable. In-
stead, questionnaire quality was evaluated through expert-based content validation [77].
Prior to the formal survey, an expert panel of four specialists was invited to review the
questionnaire. The panel comprised two academic experts and two industry professionals,
together covering interdisciplinary expertise in AEC education, AI, the built environment,
construction practice and architectural design. This composition was intentionally chosen
to incorporate both educational perspectives and requirements of professional practice.
The experts evaluated the clarity, relevance, accuracy and comprehensiveness of each item,
while also identifying potential redundancy, ambiguity or logical inconsistencies. Based
on their feedback, the questionnaire was revised and refined to improve content validity
and to ensure its suitability for investigating stakeholders’ perceptions and expectations
regarding AI-oriented AEC education transformation (Table 3).

Table 3. Profiles of experts involved in questionnaire validation.

Expert Professional Role Position Degree Research/Professional
Expertise Relevant Experience

Expert 1 Faculty member Professor Ph.D.

Interdisciplinary research
involving the built
environment and energy
technologies, artificial
intelligence, and control
engineering

International academic
and professional
experience, providing a
global perspective
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Table 3. Cont.

Expert Professional Role Position Degree Research/Professional
Expertise Relevant Experience

Expert 2 Researcher Professor Ph.D.

Indoor and outdoor air
quality mechanisms and
control, human–environment
interaction

International academic
and professional
experience, providing a
global perspective

Expert 3 Industry
professional Engineer Master’s degree

Construction engineering,
building construction, and
operation management

10 years of construction
engineering practice
experience in China,
with extensive practical
expertise

Expert 4 Industry
professional Engineer Master’s degree Architectural design and

urban design practice

20 years of experience in
architectural design and
construction practice in
China, with expertise in
building design

3.2. Sampling Strategy and Data Collection

The survey employed an anonymous sampling approach targeting AEC profession-
als with some degree of exposure to or knowledge of AI. The instrument focused on
respondents’ perceptions of AI-oriented competency requirements, curriculum reform
priorities, interdisciplinary collaboration and barriers to AI-integrated talent cultivation at
the undergraduate level. A total of 352 valid responses were collected. The sample was
balanced by gender (male: 50.3%, n = 177; female: 49.7%, n = 175). The predominant age
cohort was 22–30 years (40.6%, n = 143), followed by 18–22 years (31.2%, n = 110); the
inclusion of participants over 30 years provided sufficient sample heterogeneity to capture
career-stage-specific variations in perceptions of AI-integrated education. Students consti-
tuted the largest occupational cohort (64.2%, n = 226), followed by faculty (18.2%, n = 64),
industry practitioners (9.4%, n = 33) and researchers (8.2%, n = 29). While student repre-
sentation was substantial—appropriately so, given the study’s focus on undergraduate
education—the inclusion of faculty, practitioners and researchers enabled the comparative,
multi-stakeholder analysis that the research questions demand. Disciplinary composition
reflected the multidisciplinary character of AI–AEC integration. Urban and rural planning
represented the largest cohort (42.0%, n = 148), followed by architecture (28.1%, n = 99),
civil engineering (13.1%, n = 46), intelligent construction (5.7%, n = 20), computer science
(3.4%, n = 12) and other related fields (7.7%, n = 27). The sample thus encompassed both
traditional built-environment disciplines and emerging technology-oriented fields, a spread
that is necessary for examining how disciplinary socialization shapes perceptions of AI
competency (Figure 3).

3.3. Statistical Analysis

The analysis proceeded in two stages. Descriptive statistics were first employed
to map respondents’ overall perceptions of AI-integrated talent cultivation. One-way
analysis of variance (ANOVA) and Tukey’s Honestly Significant Difference (Tukey HSD)
post hoc tests were then applied to identify significant differences across stakeholder
groups and disciplinary backgrounds. The choice of these methods was guided by the
study’s central concern with perceptual divergence: ANOVA enables testing for structural
differences among three or more groups, while Tukey’s HSD provides a conservative
pairwise comparison procedure that controls the family-wise error rate when multiple
group means are tested simultaneously.
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Figure 3. Descriptive statistics of the sample.

3.3.1. One-Way Analysis of Variance (ANOVA)

When the number of levels in a grouping variable (e.g., occupation, discipline, or
age group) is three or more (k ≥ 3), ANOVA is employed to examine differences in the
mean values of a continuous variable across multiple groups. The fundamental principle of
ANOVA is to partition the total variation into between-group variation and within-group
variation, and to construct the F-statistic based on the ratio of their mean squares, as shown
in Equations (1)–(3).

F =
MSB
MSW

=

SSB
(k−1)
SSW
(N−k)

(1)

SSB =
k

∑
j=1

nj
(
X j − X

)2 (2)

SSW =
k

∑
j=1

nj

∑
i=1

(
xij − X j

)2 (3)

In which, F denotes the ANOVA test statistic, which follows an F distribution with k −
1 degrees of freedom in the numerator and N − k degrees of freedom in the denominator.
MSB denotes the mean square between, reflecting the dispersion of group means around the
overall mean; MSW denotes the mean square within, reflecting the dispersion of individual
observations around their respective group means. SSB denotes the sum of squares between
groups, while SSW denotes the sum of squares within groups. K is the number of groups, n
is the total sample size, and nj is the sample size of group j. X j represents the mean of group
j, and X represents the grand mean of all observations. Xij denotes the i-th observation
in group j. The subscript j = 1, 2, . . ., k identifies different groups, whereas I = 1, 2, . . .,
nj identifies individual observations within each group. If p < 0.05, the null hypothesis
that all group means are equal is rejected, indicating statistically significant differences

https://doi.org/10.3390/buildings16153094

https://doi.org/10.3390/buildings16153094


Buildings 2026, 16, 3094 12 of 34

among groups. In general, larger F values and smaller p values provide stronger evidence
of significant between-group differences.

3.3.2. Tukey’s Honestly Significant Difference (Tukey HSD)

When the overall ANOVA result is statistically significant (p < 0.05), Tukey’s Honestly
Significant Difference (HSD) test is subsequently performed to conduct pairwise compar-
isons among the k groups. The purpose of this post hoc analysis is to identify which specific
pairs of groups differ significantly from one another while controlling the family-wise Type
I error rate that may arise from multiple comparisons. The critical value of the HSD test is
calculated according to Equation (4).

HSD = qα,k,N−k·
√

MSW
n

(4)

In Equation (4), HSD denotes the critical value of the honestly significant difference,
which serves as the threshold for determining whether the difference between two group
means is statistically significant. qα,k,N−k represents the critical value of the studentized
range distribution at the significance level α, with k groups and N − k error degrees
of freedom. This value can be obtained from statistical tables or generated directly by
statistical software. The significance level α is typically set at 0.05. MSW denotes the
within-group mean square obtained from the preceding ANOVA, and n represents the
sample size of each group. When group sizes are unequal, n is replaced by the harmonic
mean of the group sample sizes.

3.3.3. Bayesian Network Analysis for AI-Driven AEC Education Reform Data

While ANOVA effectively identifies static group differences, it cannot model the causal
chains underlying talent cultivation or simulate the downstream effects of alternative edu-
cational interventions. To move beyond confirmatory hypothesis testing and enable policy-
oriented “what-if” scenario analysis, we adopt a Bayesian Network approach. This framework
permits systematic sensitivity analysis by perturbing key input nodes and observing posterior
fluctuations in outcome variables, thereby identifying the most influential leverage points
for reform. In sum, the Bayesian Network analysis complements and extends the preceding
frequentist comparisons by transforming static differences into actionable, causal insights that
directly inform curriculum redesign and stakeholder governance.

A Bayesian Network is a directed acyclic graph in which nodes represent random
variables and directed edges denote conditional dependency relationships among these
variables. A Bayesian Network with N nodes can be represented as N =<< V, E > P >,
which consists of two components:

1⃝ < V, E > defines the directed acyclic graph structure of the Bayesian network,
where V = {V1, . . . , Vn} is the set of nodes representing random variables, and E is the set
of directed edges encoding conditional dependency relationships among these variables.
Each node represents an abstract random variable in the problem domain. The directed
edges generally imply causal dependencies, and thus Bayesian networks are often referred
to as causal networks. For any directed edge

(
Vi, Vj

)
, Vi is the parent of Vj, and Vj is the

child of Vi. Nodes without parents are called root nodes, whereas nodes without children
are called leaf nodes. The parent set and the non-descendant set of nodes Vi are denoted by
Pa(Vi) and A(Vi), respectively. The directed graph encodes the conditional independence
assumptions of the Bayesian network. Specifically, given its parent set Pa(Vi), node Vi is
conditionally independent of its non-descendants A(Vi).

P(Vi | Pa(Vi), A(Vi)) = P(Vi | Pa(Vi)) (5)
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2⃝ P denotes the set of conditional probability distributions associated with the nodes
in the network. Owing to the conditional independence assumptions encoded by the
Bayesian network, each node is characterized by a local conditional probability distribution,
P(Vi | Pa(Vi)), which quantifies the probabilistic dependence between the node and its
parent set. Consequently, given the prior probability distributions of the root nodes and the
conditional probability distributions of all non-root nodes, the joint probability distribution
over the entire network can be factorized as:

P(V) = P{V1, · · · · · · , Vn} = ∏n
i=1 P(Vi | V1, · · · · · · , Vi−1) (6)

Following the standard Bayesian Network modelling framework, which consists of
nodes, directed edges and conditional probability tables, the network was implemented
in Python 3.14 by integrating theory-driven and data-driven approaches. Moving beyond
descriptive analysis toward predictive decision support, this study constructs a Bayesian
Network to simulate the probabilistic propagation effects of different educational interven-
tion strategies. The network structure was developed using a custom theory-constrained
association-screening procedure. Candidate edges were selected according to association
strength within the predefined theoretical layer ordering, after which theoretically required
pathway edges were added. This procedure was used to construct a transparent scenario-
analysis structure rather than to identify a statistically optimal or causal DAG. Using the
constructed network, conditional probabilistic inference was performed to estimate the
posterior distributions of downstream outcome variables under different intervention sce-
narios, with key input variables assigned to different levels (high, medium, and low). This
study conceptualizes the Bayesian Network as a probabilistic scenario analysis framework
guided by theoretically informed relationships and empirical evidence. Table 4 summarizes
its applications in network structure construction, conditional inference, and comparative
scenario analysis.

Table 4. Bayesian Network scenario-analysis specification, inference settings, and analytical scope.

Component Implemented Specification

Analytical purpose Theory-weighted probabilistic scenario analysis of conditional changes under alternative
educational-input configurations

Model interpretation Conditional propagation through theory-informed weighted nodes; not causal
identification or out-of-sample individual prediction

Structure ordering Six theoretically ordered layers from background/input nodes to industry satisfaction
Association-screening score 0.65 × mutual information + 0.35 × Cramér’s V
Edge inclusion threshold Composite score ≥ 0.10
Maximum parents No more than three data-selected parents per child node
Direction and DAG control Direction fixed by layer ordering; acyclicity checked after each edge addition
Theory-informed completion Thirteen theoretically required pathway edges added
Node states Low, medium, and high
Missing composite values Median imputation before discretisation
CPT estimation Observed state frequencies with Laplace smoothing, α = 1
Posterior inference Likelihood-weighted sampling; 6000 samples per query and evidence configuration
Scenario-summary index Low = 0, medium = 0.5, and high = 1, used only to summarise posterior state distributions

Input-state sensitivity analysis One-at-a-time variation of three selected S4 input nodes; outcome = expected
industry satisfaction

Analytical and validation scope
No cross-validation, hold-out prediction, or external predictive validation. The framework
is used for internal conditional scenario analysis and is not interpreted as a causal or
individual-level predictive model.
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4. Results
4.1. Challenges, Capability Demands and Pathway Preferences
4.1.1. The Gap Between Educational Provision and Industry Transformation

The challenge facing AI-integrated AEC education is not whether AI should be intro-
duced into the curriculum, but whether existing educational structures can adapt at the
pace that industry transformation demands. A striking 86.6% of respondents perceived
substantial gaps in current AI-related course offerings, and nearly half reported that their
universities had yet to incorporate mandatory AI courses into AEC programs. Respon-
dents identified three interconnected barriers: a shortage of up-to-date textbooks and case
materials (70.7%); a misalignment between course content and industry innovation needs
(67.3%), compounded by limited practical learning opportunities (56.0%); and institutional
constraints, including outdated talent development structures (63.9%) and insufficient in-
terdisciplinary integration (63.4%). Taken together, these patterns indicate that the current
challenge extends beyond isolated curriculum deficiencies. Instead, they point to a struc-
tural misalignment between inherited educational systems and the evolving competency
demands of AI-enabled professional practice. Addressing this gap will require systemic
reform of curriculum structures, learning resources and talent development strategies.

4.1.2. Competency Requirements: Beyond Technical Skills

Respondents envisioned the future AEC professional as an applied interdisciplinary
practitioner rather than algorithm developer, emphasizing the integration of AI capabilities
with domain expertise. Cross-domain collaboration and disciplinary expertise emerged as
the two most valued competencies, each selected by 77% of respondents (n = 271). Systems
thinking and logical reasoning were also highly valued, receiving support from 63.1%
of respondents. In addition, 42.3% emphasized the ability to apply AI to solve practical
engineering and design problems. The most urgent skill demands included multimodal
data processing (79%), training and deploying custom AI models (73.6%) and integrating AI
tools with professional software platforms (62.5%). Despite this strong interest, respondents
identified several barriers to competency development: weak mathematical and program-
ming foundations (68.8%), limited understanding of how AI integrates with AEC domains
(67.3%), and insufficient opportunities for authentic project-based practice (64.5%). These
findings underscore that AI-oriented AEC education extends well beyond software profi-
ciency or tool training. It requires the coordinated development of disciplinary expertise,
computational capabilities and context-based problem-solving skills. Accordingly, curricu-
lum redesign should follow a progressive pathway moving from disciplinary foundations
through technical tools and systems integration to collaborative application.

4.1.3. Preferred Educational Pathways: Embedded AI Within Disciplinary Contexts

Respondents expressed a clear preference for integrating AI into existing disciplinary
courses rather than delivering it through stand-alone modules. Incorporating AI applica-
tions and practical cases within professional courses received the strongest endorsement
(75.9%), substantially exceeding support for dedicated AI–AEC innovation courses (63.4%),
AI-based MOOCs (62.8%) and competition-driven learning models (55.1%). This pattern
suggests that respondents believe AI is learned most effectively when situated within
authentic disciplinary contexts. Embedded learning enables students to understand when,
why and how AI tools should be deployed in professional practice, thereby reducing the
gap between technical knowledge and domain-specific application. Curriculum design
should therefore prioritize project-based and case-based learning, with an emphasis on
the concurrent development of data-processing skills, AI-enabled problem-solving and
professional decision-making capabilities.
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The preferred entry point for AI introduction was the second year of undergradu-
ate study (45.7%). This preference reflects an implicit pedagogical logic: the first year
should concentrate on establishing a solid disciplinary foundation, while the second year
provides an appropriate moment for introducing computational thinking and AI-related
competencies. Such sequencing mitigates the risk of disconnecting technical learning from
disciplinary knowledge when AI is introduced prematurely, while also reducing resistance
to new technologies that can arise when professional thinking patterns become firmly estab-
lished before computational perspectives are introduced. In this way, AI integration can be
aligned with students’ cognitive development and the progression of disciplinary learning.

4.2. Heterogeneity Across Stakeholder Groups

To examine whether perceptions of AI-enabled professional competencies and ed-
ucational pathways differ across stakeholder groups, one-way ANOVA was performed
using occupation (students, faculty, industry practitioners and researchers) and academic
discipline (architecture, urban and rural planning, civil engineering, intelligent construction
and engineering software) as grouping variables. Where significant overall effects were ob-
served (p < 0.05), Tukey’s HSD post hoc tests identified specific between-group differences.

4.2.1. Perceptions of AI-Enabled Talent Competencies

No significant occupational differences emerged for foundational competency require-
ments (F = 1.337, p = 0.262) or key skill requirements (F = 0.698, p = 0.554). This broad
consensus across stakeholder groups is notable: respondents generally agreed that future
AEC professionals should possess not only strong disciplinary foundations but also the
capacity for interdisciplinary collaboration and the ability to apply AI technologies effec-
tively. However, significant differences were identified across occupations in perceptions
of individual learning capabilities (F = 13.285, p < 0.001) (Figure 4a).

Tukey’s HSD post hoc comparisons localized these differences to the gap between
students and the other three stakeholder groups (Table 5). Students reported significantly
greater perceived challenges than faculty members, industry practitioners and researchers.
Further analysis indicated that students’ primary concerns were not merely related to the
technical difficulty of learning AI. Rather, they centered on the challenge of integrating
AI with discipline-specific problems, compounded by the absence of structured learning
pathways and sustained instructional support (Figure 5a). Student, it appears, have regis-
tered the implication of AI for their future professional competencies, but existing curricula
have yet to provide effective connections among disciplinary foundations, AI tools and
authentic professional application.

Table 5. Tukey’s HSD post hoc comparisons for individual learning capabilities by occupation
(significant pairs only).

Group 1 Group 2 Mean Difference p Result

Student Faculty 0.73 <0.001 Student > Faculty
Student Industry practitioners 0.63 0.002 Student > Industry practitioners
Student Researchers 0.52 0.028 Student > Researchers

Significant disciplinary differences emerged across all three competency dimensions:
foundational requirements (F = 4.524, p < 0.001), key skill requirements (F = 5.449, p < 0.001),
and individual learning capabilities (F = 4.558, p < 0.001) (Figure 4b). Tukey’s HSD post
hoc comparisons revealed that these differences were concentrated between architecture
and urban–rural planning on one hand, and intelligent construction and engineering
software on the other. Respondents from architecture and urban–rural planning placed
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greater emphasis on interdisciplinary integration, multimodal data application and effective
collaboration with AI tools. Those from intelligent construction and engineering software
prioritized algorithm optimization and model development.

(a) Occupational Differences (b) Professional Difference 

Fundamental Competency Fundamental Competency

Key Skill Key Skill

Learning Challenges Learning Challenges

Figure 4. One-way ANOVA of perceptions of AI talent competencies across occupational and
disciplines. *** indicates a highly significant difference at the p < 0.001 significance level, while “n.s.”
indicates no statistically significant difference between groups (p > 0.05).

A clear stratification thus emerged in how disciplines understand AI-related com-
petencies: design and planning fields emphasize the contextual application of AI, while
technology-oriented fields foreground the technical development of AI systems themselves
(Figure 5b–d). This divergence carries direct curricular implications. AI-oriented talent
cultivation in AEC education cannot rely on a uniform curriculum structure. Architecture
and urban–rural planning programs should prioritize integrating AI tools with disciplinary
contexts, including areas such as generative design, digital twins and multimodal spatial
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analysis. In contrast, programs such as intelligent construction may further strengthen
competencies related to algorithmic foundations, model fine-tuning and technical cus-
tomization. These findings provide an important empirical basis for the differentiated,
progressive curriculum framework developed in the subsequent sections.

Figure 5. Perceptions of AI talent competencies across occupations and disciplines.

4.2.2. Perceptions of AI Curriculum Systems

No significant occupational differences were observed for interdisciplinary courses
(F = 2.017, p = 0.111), assessment and evaluation approaches (F = 0.252, p = 0.860), or
industry–university collaboration models (F = 1.753, p = 0.156) (Figure 6a). Curriculum
design approached but did not reach significance (F = 2.568, p = 0.054). This general
convergence suggests that stakeholders share a broad understanding of the direction for
AI-oriented curriculum development: AI education should be embedded within existing
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disciplinary training systems and delivered through a combination of core courses, electives
and frontier-oriented seminars or lectures (Figure 7a).

(a) Occupational Differences (b) Professional Difference 

Curriculum Delivery Approaches Fundamental Competency

Interdisciplinary Learning Areas Interdisciplinary Learning Areas

Assessment Approaches Assessment Approaches

Figure 6. One-way ANOVA of perceptions of curriculum development across occupations and
disciplines. *** indicates a highly significant difference at the p < 0.001 significance level, while “n.s.”
indicates no statistically significant difference between groups (p > 0.05). * p < 0.05; ** p < 0.01.

Tukey’s HSD post hoc comparisons revealed that the near-significant effect for curricu-
lum design was driven by differences between faculty members and industry practitioners.
This divergence centered on the timing of AI introduction. Researchers and faculty mem-
bers favored introducing AI courses at earlier stages of undergraduate education in order to
foster students’ computational thinking and interest in emerging technologies. By contrast,
industry practitioners emphasized on a disciplinary-foundation-first approach, arguing that
AI instruction should build upon students’ prior development of disciplinary knowledge
and engineering understanding. These positions reflect distinct talent development logics:
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academic stakeholders prioritize early cultivation of innovation-oriented capabilities, while
industry stakeholders foreground alignment with authentic engineering contexts.

Figure 7. Perceptions of curriculum development across occupations and disciplines.

Significant disciplinary differences emerged for preferred course types (F = 2.560,
p = 0.027), directions for interdisciplinary course development (F = 7.897, p < 0.001), and
assessment and evaluation approaches (F = 3.600, p = 0.004) (Figure 6b). Tukey’s HSD
comparisons again located these differences between architecture and urban–rural plan-
ning on one side, and intelligent construction and engineering software on the other.
Architecture and urban–rural planning programs emphasized practice-based courses, the
application of AI across diverse professional contexts, and interdisciplinary expansion
to broaden students’ knowledge boundaries. Intelligent construction and engineering
software programs focused on deepening technical competencies, expressing stronger
demand for shared teaching resources, industry-based project practice and hands-on AI
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training, while showing comparatively limited support for expanding interdisciplinary
content (Figure 7b–d).

These disciplinary differences in perceptions of AI education fundamentally reflect
two distinct competency development pathways. First, a broad-based interdisciplinary
integration pathway, represented by architecture and urban–rural planning, which pri-
oritizes knowledge integration and contextual application. Second, a specialized deep-
development pathway, represented by intelligent construction and engineering software,
which emphasizes modular, progressive cultivation of advanced AI competencies.

4.3. Predictive Analysis of Talent Cultivation Paths Based on a Bayesian Network Model

The network structure and edge directions were constrained according to the pro-
posed competency development pathway: background characteristics and industry
awareness→curriculum reform, teacher training, university–industry collaboration and
project-based practice→knowledge and skills→application competencies→employment
adaptability→industry satisfaction. Mutual information and Cramér’s V were subsequently
used to identify the primary dependency relationships among the discretised nodes. The
network structure was then refined by incorporating theoretically motivated dependency
edges, resulting in a directed acyclic graph (Figure 8). All nodes were discretised into three
states (low, medium and high). The prior probabilities of the root nodes were estimated
from the marginal frequencies of the observed data, while the conditional probability
tables of non-root nodes were estimated from the parent–state configurations. To avoid
zero-probability estimates caused by sparse parent–state combinations, Laplace smoothing
was applied during parameter estimation.

 

Figure 8. Bayesian Network Structure. The figure illustrates a Bayesian network structured as
a directed acyclic graph to map causal interactions among variables. Red nodes signify parent
variables (antecedents), while nodes in alternative colors correspond to child variables (consequences)
at varying hierarchical tiers. All edges are directed, indicating a unidirectional probability flow
from parent to child nodes. Furthermore, edge thickness scales with the strength of conditional
dependencies, where bolder arcs denote stronger causal associations.
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4.3.1. Prediction Results and Sensitivity Analysis of Alternative Educational Scenarios

Based on the questionnaire design, four educational intervention scenarios (S1–S4)
were developed to evaluate the effects of alternative talent cultivation pathways. Scenario
1 (S1) represents the current fragmented training model. Scenario 2 (S2) emphasizes sys-
tematic curriculum enhancement. Scenario 3 (S3) extends S2 by incorporating teacher
professional development and university–industry collaboration. Scenario 4 (S4) repre-
sents a comprehensive collaborative pathway integrating curriculum enhancement, teacher
development, university–industry collaboration and project-based practice. For each sce-
nario, the Bayesian network inferred the posterior probability distributions of downstream
outcome variables under the specified intervention states. To facilitate comparison across
scenarios, the posterior distributions were converted into expected values using a three-
level scoring scheme, where low, medium and high were assigned values of 0, 0.5 and 1,
respectively (Table 6). The prediction results are presented below (Figure 9a).

Table 6. Evidence states assigned to the educational-input nodes under comparative scenarios S1–S4.

Scenario Curriculum Reform Teacher Development University–Industry
Collaboration Project-Based Practice

S1 Low-input reference Low Low Low Low
S2 Curriculum-centred High Low Low Low
S3 Capacity-building High High Medium Low
S4 Integrated
collaboration High High High High

Note: All remaining nodes were left unobserved and inferred from the network. Low, medium, and high denote
sample-relative discretised states. The scenarios represent comparative conditional “what-if” configurations
rather than observed longitudinal interventions or causal policy effects.
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Figure 9. Prediction and sensitivity analysis of different educational scenarios.

Diminishing Marginal Returns of Curriculum Expansion Alone

Compared with S1, S2 increased the predicted level of AI knowledge acquisition
by 39.6%. However, the corresponding improvements were substantially smaller for AI
practical skills (13.9%) and further declined to 4.5% for AI application competencies. These
results indicate that gains in knowledge do not automatically translate into practical skills or
application competencies. In the absence of complementary practice-oriented mechanisms,
simply expanding AI-related coursework yields diminishing marginal returns, with its
effectiveness progressively attenuating along the competency development pathway from
classroom learning to practical application.
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Teacher Professional Development and University–Industry Collaboration as Key
Mediating Mechanisms

Compared with S2, S3 yielded an additional 27.1% increase in AI practical skills and
a further 14.9% improvement in AI application competencies, whereas the correspond-
ing gain in AI knowledge acquisition was only 3.0%. This pattern suggests that teacher
professional development and university–industry collaboration primarily enhance the
translation of knowledge into higher-order competencies, rather than simply increasing
knowledge acquisition. In particular, improving teachers’ AI literacy and practical expe-
rience strengthens the transmission efficiency from knowledge to skills, enabling course
content to be more effectively transformed into students’ practical competencies.

Industry–Education Integration as a Catalyst for AI Competency Development

Compared with S3, S4 yielded the largest improvements across all outcome di-
mensions: AI application competencies (+37.9 percentage points), AI practical skills
(+35.4 percentage points), AI knowledge acquisition (+29.4 percentage points), employ-
ment adaptability (+29.3 percentage points) and industry satisfaction (+14.1 percentage
points). These findings suggest that university–industry collaboration and authentic project-
based learning provide the contextual conditions necessary for translating AI knowledge
and skills into workplace competencies. By exposing students to real-world data, authentic
engineering problems and professional practice environments, this integrated educational
approach bridges the gap between classroom learning and industry needs, thereby ac-
celerating AI competency development. The results further indicate that competency
development follows a cumulative pathway rather than a linear accumulation process,
highlighting the importance of coordinated educational interventions rather than isolated
curriculum expansion.

4.3.2. Sensitivity Analysis

To further evaluate the robustness of the integrated collaborative scenario (S4), sensi-
tivity analysis was performed by independently varying the states of three key intervention
nodes—teacher training effectiveness, university–industry collaboration quality and project-
based practice implementation—and examining the corresponding changes in the expected
value of overall industry satisfaction. It evaluates how the posterior industry-satisfaction
estimate responds to changes in selected input-node states within S4; it is not intended as
a global sensitivity test of alternative weighting schemes, discretisation rules, association
thresholds, parent limits, or network structures.

The results showed that project-based practice implementation exhibited the highest
sensitivity, indicating that it exerted the greatest influence on the predicted outcome within
the S4. These findings suggest that university–industry collaboration and project-based
practice should extend beyond symbolic activities, such as formal partnership agreements,
guest lectures, or short-term site visits. Instead, they should be embedded throughout the
educational process through the co-design of course-based projects, access to authentic
industrial data, joint assessment of student outcomes and sustained industry participation
in teaching (Figure 9b).

5. Discussion
5.1. From Tool Adoption to Competency Reconstruction: Rethinking AI-Driven AEC Education

The transformative pressure that AI exerts on AEC education is not technological
in a narrow sense; it is epistemological. It demands a broader reconfiguration of what it
means to be a competent professional, not merely an update to the toolkit. The prominence
accorded to professional foundations is particularly instructive. It runs counter to the
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widespread narrative that AI-driven educational reform should focus on students’ acqui-
sition of computational skills [78]. Stakeholders appear to regard AI not replacement for
professional expertise but as an augmentation technology—one whose effective deployment
presupposes, rather than obviates, substantial domain-specific judgment. In architecture
and engineering practice, decisions involving safety, constructability, sustainability and
regulatory compliance remain irreducibly contextual. AI can inform such decisions, but it
cannot ground them. Disciplinary knowledge thus constitutes the necessary foundation
upon which AI-enabled competencies must be built, not an obsolescent inheritance to
be streamlined away. This interpretation aligns with recent scholarship on human–AI
collaboration, which increasingly frames AI’s value in terms of collaborative intelligence
rather than autonomous decision-making [79]. Under such a paradigm, the professional is
positioned not as an operator of AI tools but as a critical integrator—someone who brings
domain expertise to bear on data-informed reasoning and who exercises judgment in eval-
uating AI-generated outputs [80]. It suggests that the central task for AEC education is not
to teach students how to use AI technologies, but to cultivate their capacity to collaborate
effectively with intelligent systems while maintaining the professional judgment, creativity
and ethical responsibility that such collaboration demands. This represents a shift from
a knowledge-transmission model toward a competency-centered model—one in which
the curriculum is organized not around what students should know about AI, but around
what they should be able to do with and through it.

5.2. Divergent Expectations Among Stakeholders: Conflict as a Productive Signal

A second major finding concerns the significant perceptual differences that emerged
across stakeholder groups regarding curriculum implementation, faculty development,
and the timing of AI adoption. The temptation in applied educational research is to treat
such divergence as noise—an impediment to consensus that reform efforts should seek
to minimise. This study suggests a different reading. Stakeholder divergence is better
understood as a structural feature of the educational ecosystem, reflecting the distinct
positionalities, responsibilities, and temporal horizons that different groups bring to the
question of AI integration. The sharpest divergence appeared between students and other
stakeholder groups on the question of learning challenges. Students expressed stronger
concerns about learning difficulties and the need for structured pedagogical guidance
throughout the educational process. This finding warrants careful interpretation. Learning
AI within AEC contexts requires students to navigate disciplinary knowledge, computa-
tional thinking, data literacy and emerging technologies simultaneously. The integration of
multiple unfamiliar knowledge domains is likely to increase both intrinsic and extraneous
cognitive load, making it difficult for students to establish meaningful connections between
AI concepts and professional applications [81,82]. Therefore, curriculum designers should
develop student-centered and discipline-specific AI learning pathways that consider the
knowledge foundation, learning characteristics, and professional objectives of students
from different AEC majors. Universities should establish progressive teaching plans that in-
troduce AI concepts, computational foundations and professional applications according to
students’ disciplinary backgrounds and learning stages. Such structured learning pathways
can reduce cognitive overload, help students progressively connect AI knowledge with
professional problems, and enable them to develop AI competencies while maintaining the
disciplinary expertise required for future AEC practice.

Differences among faculty members, researchers and practitioners reflect their respec-
tive professional priorities. Researchers tend to emphasize innovation-oriented competen-
cies and emerging technological trends, reflecting a future-oriented perspective structurally
aligned with the temporal logic of academic research. Faculty members’ greater sensitiv-
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ity to instructional feasibility, resource constraints and institutional capacity reflects the
lived reality of curriculum delivery. Industry practitioners’ prioritization of practical AI
application within authentic engineering contexts reflects an accountability to immediate
professional outcomes. These are not competing truths; they are partial perspectives on
a multidimensional problem [83]. To address these divergent needs, AEC education re-
form should establish sustained collaboration mechanisms bridging academia, industry
and research communities. Universities can institutionalize joint curriculum committees,
co-design flexible learning platforms and maintain structured communication channels to
align academic innovation and pedagogical feasibility with evolving industry demands.

5.3. Systematic Transformation of Curriculum Oriented Towards Artificial Intelligence

The barriers identified in this study could be read as a catalogue of discrete deficiencies
requiring targeted remediation. Such a reading would be analytically shallow. These
challenges are more accurately understood as symptoms of a deeper structural condition:
a misalignment between educational systems designed for an era of disciplinary stability
and the emerging realities of AI-mediated professional practice. As AI-enabled practice
increasingly depends on collaboration among engineers, data scientists and software
developers, the boundaries that have historically organized AEC education—between
disciplines, between technical and professional knowledge, between the academy and
industry—are becoming less tenable [84]. The problem, therefore, is not the absence of
specific AI-related courses. It is the lack of effective alignment among the key components
of the educational system: curricula, learning objectives, faculty capacity, institutional
incentives and industry relationships. This interpretation resonates with research on
digital transformation in higher education, which emphasizes that successful innovation
depends less on the introduction of novel content than on the coordinated evolution of
institutional arrangements, organizational capabilities, and curriculum ecosystems [85].
For AEC education, the implication is that reform efforts must move beyond the logic of
supplementation—adding AI courses to an otherwise unchanged structure—and toward
a logic of systemic restructuring. Curricula, faculty development, resource allocation
and industry partnerships must be realigned around the integrative competencies that
AI-enabled practice demands, rather than being optimized independently within their
respective silos.

5.4. Bayesian Networks as an AI-Based Decision-Support Approach: Contributions and Limitations

Traditional educational research relies on static statistical tools like ANOVA and
regression analysis. These approaches remain largely explanatory in nature [86]. While
effective in revealing which factors are associated with educational performance, they
provide limited insight into how different educational interventions interact over time or
which reform strategies are most likely to produce desirable outcomes [87]. As educational
transformation grows increasingly complex, integrating AI-based analytical approaches
into educational research represents an emerging direction for understanding, modelling
and supporting decision-making processes.

In this study, Bayesian Network modelling was introduced as an AI-based analytical
approach to examine the complex relationships underlying AI-oriented AEC talent devel-
opment. Bayesian Networks combine data-driven learning with probabilistic reasoning,
allowing researchers to represent interactions among multiple influencing factors and to
explore possible changes under different intervention conditions [88]. This capability is
particularly valuable for educational reform, where decisions must often be made before
long-term effects can be directly observed. From this perspective, AI-based analytical
methods may contribute to a transition from retrospective evaluation toward more proac-
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tive and evidence-informed educational decision-making. The contribution of Bayesian
Networks is not to replace conventional educational analysis methods, but to provide
an additional analytical perspective for investigating complex and uncertain educational
systems. Therefore, the significance of Bayesian Networks in this study lies not in demon-
strating the superiority of a particular algorithm, but in illustrating how AI-based analytical
approaches can expand the methodological toolkit for educational transformation research.
Future studies may further integrate longitudinal data, multi-source evidence and expert
knowledge to enhance the robustness and generalizability of AI-supported educational
decision frameworks.

5.5. Practical Recommendations for AI-Oriented AEC Education Transformation

Based on the competency development pathway identified in this study, four practical
strategies are proposed to support AI-oriented transformation in AEC education.

(1) Establish a progressive AI curriculum pathway supported by continuously updated
teaching resources.

1⃝ AI education should be introduced in accordance with students’ learning stages
and disciplinary development, not as isolated technical content. At the early undergrad-
uate stage, the priority is to foster general AI literacy rather than to cultivate specialized
algorithm developers. Foundational courses, such as Introduction to Artificial Intelligence,
Computational Thinking, Basic Programming and Data Literacy, can help students grasp
fundamental AI principles, data processing methods and the potential applications and
limitations of AI within the built environment.

2⃝ At the intermediate and advanced undergraduate levels, AI education should pivot
from foundational comprehension toward applied professional practice. Higher educa-
tion institutions ought to embed computational and AI-driven methodologies into core
architectural, urban planning, civil engineering and construction management curricula
through an “AI + Professional Practice” framework. Specialized domain modules—such as
AI in Architectural Design, Spatial Analytics in Urban Planning and Smart Construction
Systems— equip students to contextualize, adapt and leverage AI models within their re-
spective professional contexts. Crucially, curriculum redesign must account for the diverse
roles, disciplinary backgrounds and career trajectories of different stakeholders, avoiding a
one-size-fits-all training paradigm.

3⃝ Where resources permit, AI may be offered as secondary major, minor program
or interdisciplinary certificate, allowing interested students to develop deeper AI capa-
bilities while maintaining their primary disciplinary identity. Universities should move
beyond traditional departmental boundaries to facilitate the interdisciplinary collaboration
that AI-enabled professional practice demands [89]. Interdepartmental teaching initia-
tives, shared laboratory platforms, project-based learning environments and structured
university–industry partnership programs can promote knowledge integration and com-
petency development across disciplines— outcomes that isolated departmental efforts
cannot achieve.

4⃝ To support this transformation, universities must develop dynamic AI-AEC teach-
ing resources, including regularly updated professional cases, real-world datasets and
practical application scenarios. These resources should demonstrate not only success-
ful AI applications but also the limitations, uncertainties, and potential risks of AI, en-
abling students to develop a comprehensive understanding of appropriate AI use within
professional contexts.

(2) Strengthen practice-oriented learning and university–industry collaboration.
The core competencies required for AI-enabled AEC professionals are developed

through engagement with complex, real-world problems. Therefore, universities should
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strengthen AI-integrated practical learning through design studios, engineering projects,
industry-supported courses and interdisciplinary innovation activities. Industry partners,
including architectural firms, engineering companies and construction enterprises, can
provide authentic engineering problems, professional datasets and practical application
scenarios to ensure that AI education remains aligned with evolving professional practices.
Through authentic project-based learning, students can experience the complete process:
identifying professional problems, selecting appropriate AI methods, applying AI tools,
interpreting AI-generated outputs and making informed professional decisions. Such
practice-oriented environments are essential for transforming AI knowledge into profes-
sional competence and for improving students’ readiness for AI-enabled AEC practice.

(3) Enhance faculty development for AI-integrated teaching.
The successful implementation of AI-oriented AEC education hinges on faculty readi-

ness to integrate AI into existing teaching practices. This transformation does not, however,
require every AEC educator to become an AI specialist or software developer. Instead,
faculty development should focus on enabling educators to understand fundamental AI
concepts, identify appropriate AI applications within their professional courses, redesign
AI-supported teaching activities and evaluate AI-assisted student work. Universities can
support this development through AI teaching workshops, interdisciplinary collaboration
between AEC and AI-related disciplines, and the establishment of shared teaching resources
and case databases. Such efforts help educators transition from knowledge transmitters to
learning designers who guide students in collaborating effectively with AI.

(4) Adapt assessment methods to evaluate AI-enabled professional competencies.
Traditional assessment methods, which focus primarily on final products or theoretical

knowledge, may not adequately capture students’ ability to work with AI in professional
contexts. Therefore, evaluation methods should consider students’ abilities to identify
appropriate AI applications, interpret AI-generated results, integrate AI outputs with disci-
plinary knowledge and make informed professional decisions. Project-based assessment,
interdisciplinary collaboration evaluation and industry participation in assessment can
together provide more comprehensive evaluations of students’ readiness for AI-enabled
professional practice.

Figure 10 presents a dynamic competency reconstruction framework for cultivating
AI-empowered future AEC innovators. Driven by the AI revolution, digital transformation,
Industry 5.0 and smart construction, evolving professional tasks redefine competency
requirements across the AEC lifecycle. Accordingly, the framework proposes a four-level
developmental pathway—from professional foundation through AI augmentation and
system integration to collaborative innovation—supported by coordinated reforms in
curriculum, pedagogy, assessment and university–industry collaboration. The framework
incorporates a continuous feedback loop. As AI-ready graduates enter professional practice,
their competencies and performance shape emerging industry expectations and societal
needs. These evolving demands, together with ongoing technological advances, in turn
redefine competency requirements and drive further educational reform. Through this
iterative cycle—linking technology evolution, industry transformation, talent cultivation
and educational reconstruction—the framework remains responsive to future AI-driven
disruptions. Longitudinal studies are therefore needed to evaluate and refine the framework
as technologies, industry requirements and educational practices co-evolve.
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Figure 10. Competency Reconstruction Framework for AI-enabled AEC Education.

Overall, AI transformation in AEC education should move beyond “AI tool adoption”
toward “AI-enabled competency development.” The aim is not to replace disciplinary
expertise with AI technologies, but to cultivate professionals who can collaborate with AI
while maintaining creativity, critical thinking and professional judgment.

5.6. International Implications for Global AEC Education

Although this study draws its evidence from Chinese higher education institutions, its
implications should be understood within the broader global transition toward AI-enabled
higher education. The emergence of AI is challenging underlying assumptions about
how future architects, engineers and built-environment professionals should be educated.
Across educational systems worldwide, the central question is shifting from whether AI
should be incorporated into curricula toward how higher education can be fundamentally
reconfigured to cultivate human–AI collaborative capabilities while preserving disciplinary
identity and professional judgment.
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One critical issue is the persistence of technological fragmentation, wherein AI is
positioned as an independent technical subject rather than an integrated capability em-
bedded within disciplinary knowledge systems [90]. Standalone AI courses may enhance
technological awareness, yet they risk unintentionally reinforcing the separation between
computational knowledge and professional practice. At the same time, the rapid diffusion
of generative AI is fundamentally reshaping the relationship between technological effi-
ciency and professional expertise [91]. While AI has significantly expanded the capacity for
rapid visualization, simulation and information generation, it has also intensified concerns
regarding the potential weakening of critical thinking, design reasoning and professional
accountability [92].

The findings of this study contribute to this international debate by demonstrating
that stakeholders do not perceive AI literacy as a substitute for disciplinary expertise.
Instead, they emphasize the complementary relationship between professional foundations
and computational capabilities. From a global perspective, the future of AI education
in AEC requires moving beyond tool-oriented training toward the integration of AI into
authentic design exploration, engineering analysis and complex decision-making processes.
This perspective reinforces an emerging global consensus that future professionals should
be trained not merely as AI users, but as critical interpreters, responsible collaborators
and informed decision-makers capable of evaluating and contextualizing AI-generated
outcomes [93,94].

Moreover, the global transformation of AI education highlights the persistent tension
between universal competency expectations and contextual diversity. Although AI literacy
has become a shared priority across higher education systems, the meaning and application
of AI competencies vary significantly among disciplines, institutions and regions [95,96].
Within AEC education, different professional domains require distinct combinations of
computational thinking, interdisciplinary integration, creative exploration and domain-
specific judgment. Global AI education reform should therefore avoid pursuing a single
standardized model and instead promote adaptable, context-sensitive approaches that
respond to diverse professional and cultural environments.

Beyond the AEC domain, the theoretical insights generated by this study may con-
tribute to broader debates on AI-driven transformation in higher education. Although
the empirical investigation is situated within AEC education, the underlying principles
identified—competency reconstruction, progressive capability development, differentiated
learning pathways, human–AI collaboration and multi-stakeholder governance—represent
challenges shared by many professional disciplines undergoing digital transformation.
These principles resonate with the emerging educational frameworks promoted by interna-
tional bodies including UNESCO, the OECD and the World Economic Forum, which advo-
cate a transition from technology-centered adoption toward human-centered AI education
emphasizing adaptability, critical thinking, interdisciplinary competence and responsible
innovation [97–99].

By connecting these global perspectives with empirical evidence from a specific pro-
fessional field, this study provides a more fine-grained understanding of how AI-oriented
educational transformation can be operationalized in practice. The proposed framework
should therefore be regarded not as a universal curriculum prescription, but as a transfer-
able conceptual reference that can be adapted to different disciplinary traditions, institu-
tional structures, accreditation systems and socio-economic contexts.

5.7. Limitations

Several limitations bound the scope and generalizability of this study.
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First, although the sample included students, faculty members, industry practitioners
and researchers, students constituted the largest proportion of respondents. This imbalance
may have amplified student-centric perspectives in the aggregate results; the compara-
tively smaller representation of industry and research stakeholders warrants caution when
interpreting group-level comparisons.

Second, the study relied on cross-sectional data, capturing perceptions at a single
moment within a rapidly evolving technological landscape. As AI capabilities advance and
industry adoption patterns shift, the competency priorities identified here may themselves
require revision—a dynamism that a snapshot design cannot fully accommodate.

Third, the educational framework proposed in this study remains conceptual and
policy-oriented. It has not yet been subjected to validation through long-term curriculum
implementation or comparative institutional evaluation.

Fourth, although Bayesian Networks offer probabilistic causal inference and scenario
simulation, the network structure was partially informed by theoretical assumptions and
cross-sectional data. Model outcomes depend on the quality and representativeness of the
input data. Accordingly, the Bayesian Network should be interpreted as a theory-weighted
probabilistic scenario-analysis tool that compares conditional posterior patterns under spec-
ified educational-input configurations. Because the downstream nodes were constructed
from the same cross-sectional questionnaire using fixed theory-informed weights, the re-
sulting estimates do not constitute evidence of causal effects, individual-level forecasting,
or out-of-sample predictive performance. External validation will require longitudinal or
independent data containing objectively observed educational and employment outcomes.

Future research should integrate longitudinal educational data, dynamic Bayesian
networks and causal discovery algorithms to enhance predictive accuracy. It should also em-
ploy cross-institutional comparisons and quasi-experimental or design-based approaches
to examine how competency demands evolve, how educational contexts moderate AI inte-
gration, and how curriculum transformation affects student competencies, employability
and innovation outcomes.

6. Conclusions
Four main conclusions emerge from this study. First, future AEC education should cul-

tivate integrated competencies—professional expertise, systems thinking, interdisciplinary
collaboration and AI-enabled problem-solving—rather than prioritising AI tool proficiency
in isolation. Second, the major barriers to AI-oriented education reflect a structural misalign-
ment between existing educational systems and the competency demands of AI-enabled
professional practice, highlighting the need for coordinated reform across curriculum, insti-
tutional structures and industry engagement. Third, the significant differences observed
among stakeholder groups and disciplines indicate that AI-oriented curricula must adopt
differentiated yet coherent competency-development pathways, resisting the temptation of
a one-size-fits-all model. Fourth, Bayesian Network modelling extends conventional statisti-
cal analysis by enabling probabilistic reasoning and scenario evaluation, thereby providing
evidence-based support for curriculum planning and educational decision-making.

Based on these findings, the study proposes a competency-oriented educational frame-
work that progresses from disciplinary foundations through AI augmentation and systems
integration to collaborative innovation. Rather than recommending isolated curriculum
improvements, the proposed framework systematically links competency requirements,
curriculum restructuring, faculty development, interdisciplinary integration and practice-
oriented learning, providing a coherent roadmap for AI-oriented educational transfor-
mation. This study extends existing research on AI-in-engineering-education in three
important ways. First, while previous studies have focused on identifying AI-related

https://doi.org/10.3390/buildings16153094

https://doi.org/10.3390/buildings16153094


Buildings 2026, 16, 3094 30 of 34

competencies or integrating AI tools into individual courses, this study develops a four-
stage competency reconstruction pathway that explains how future AEC professionals
progressively develop the competencies required for AI-enabled practice. Second, in place
of fragmented curriculum reforms, this study establishes an integrated educational transfor-
mation framework that connects technological evolution, professional task transformation,
competency development and educational reform, offering a systematic perspective on AI-
oriented talent cultivation. Third, recognizing that existing studies mainly evaluate current
educational conditions, this study combines empirical survey data with Bayesian Network
modelling to simulate alternative reform pathways and predict their potential impacts
on competency development. This shifts educational research from explaining current
challenges toward supporting future-oriented educational planning and evidence-based
decision-making.

Although the proposed framework is grounded in the Chinese higher education
context, the challenges it addresses are common to engineering education worldwide. By
shifting the emphasis from technology-oriented curriculum reform to competency-oriented
educational transformation, the framework provides a transferable conceptual foundation
for redesigning engineering education to respond to the continuous co-evolution of artificial
intelligence, professional practice and competency requirements.
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