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Abstract

The Architecture, Engineering, and Construction (AEC) industry has significant potential
to improve productivity, quality, and sustainability of its projects through emerging digital
technologies. Advances in technology and the complexity of what new graduates need
to learn have resulted in persistent training gaps and have highlighted new needs to be
addressed in education. One of the new needs is the level of learners’ awareness of new
technologies and their adoption practices. This research examines how current education
and training practices in the selected sample of the Australian AEC sector support or
hinder the development of digital capabilities. The set of technologies considered in
this study focuses on Artificial Intelligence (AI), Building Information Modelling (BIM),
Digital Twins (DTs), Virtual and Augmented Reality (VR/AR), and the Internet of Things
(IoT). A mixed-method design integrates a structured survey of industry professionals and
students, along with semi-structured interviews of industry and academic stakeholders,
to evaluate exposure, self-rated capability, training participation, organisational support,
and perceptions of graduate preparedness. Findings show comparatively higher maturity
in BIM, but limited capability in other technologies, inconsistent formal training, and
barriers linked to time, cost, organisational priorities, and rapid technological change.
Qualitative findings and interpretation of preparedness-related survey responses indicate
that stakeholders place greater value on transferable, interdisciplinary digital competencies
than on narrow tool-specific proficiency. The research delivers statistically robust findings
and actionable recommendations that address the identified barriers and promote the
development of a skilled workforce in the AEC industry.

Keywords: technology; construction management; BIM; education; emerging technology

1. Introduction
The introduction of digital technology to the construction industry is now accelerating

at an unprecedented pace, despite being historically resistant to innovation and slow to
embrace digitalisation. Globally, investment in Architecture, Engineering and Construction
(AEC) technologies surged to approximately $50 billion USD between 2020 and 2022, an
85% increase compared to the previous three-year period [1]. This momentum is shared in
Australia, where digital technology adoption rose by 20% in 2024, signifying a pivotal shift
in an industry traditionally characterised by fragmented implementation and conservative
technological uptake [2].
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This rapid digital transformation has exposed a critical skills gap, hindering the
adoption of emerging technologies. Despite the transformative potential of these technolo-
gies, their integration remains constrained by a workforce that lacks the necessary digital
competencies to maximise their benefits [3].

Addressing the skills gap requires strategic alignment between educational frame-
works, workforce training, and industry demands. A critical examination of how academic
programmes and professional development initiatives influence technology adoption in
the construction sector is imperative to bridge the existing skills gap. This highlights the
need for further studies with a focus on recent tools and technologies that can be integrated
into education and training to enhance technological proficiency. Addressing these needs
may facilitate the implementation of innovation and operational efficiency across all phases
of construction projects.

The Australian construction industry is the third-largest industry sector in the national
economy, contributing significantly to economic growth and employing approximately
1.3 million people [4]. Despite its scale and importance, the sector continues to lag in
technology adoption, constrained by a widening gap between technological advancement
and workforce capabilities.

This paper intends to provide information that may potentially address these chal-
lenges and help align educational pathways and technology adoption within the Australian
construction sector. The findings are expected to provide insights that can be used to
understand the technology adoption factors in the selected sample. This expected outcome
may inform curriculum development, professional training programmes, and government
policies aimed at strengthening Australia’s construction workforce for a digitally enabled
future. These types of studies may eventually support or guide how the Australian con-
struction sector approaches technology adoption and its integration into education, offering
a pathway to bridge the digital skills gap and enhance industry-wide innovation.

The key objectives of the research are to (1) identify what technologies are being
taught in formal tertiary education based on a sample of participants; (2) examine the
organisational and individual barriers to training; and (3) present recommendations for the
future design of education and training programmes to improve the technology adoption
gap in the Australian construction industry.

The scope of this research focuses on examining the adoption of emerging digital
technologies in the context of the Australian construction industry, which may help im-
prove the effectiveness of current education and training frameworks based on a sample
of participants. The study is mainly interested in gaining insights into the barriers to
integration and the digital skills gap among graduates, using a triangulated approach
through surveys and interviews with industry professionals, educators, and students to
identify key challenges.

2. Literature Review
2.1. Emerging Technologies in the AEC Sector

Emerging technologies such as Building Information Modelling (BIM), Digital Twins
(DTs), Artificial Intelligence (AI), the Internet of Things (IoT), Virtual Reality (VR), and
Augmented Reality (AR) have the potential to transform the construction landscape, driv-
ing significant improvements in project efficiency, safety and decision-making. Despite this
promise, the construction industry has historically been slow to adopt digital innovations,
even as infrastructure demands, labour shortages, and expectations for data-driven out-
comes continue to rise. However, the emergence of Construction 4.0, which represents the
integration of advanced digital technologies and automation into construction practices,
is beginning to shift this trajectory [5]. Leading this transformation in Australia are Tier 1
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and Tier 2 construction firms, who are beginning to realise tangible benefits in productivity,
project appeal and revenue generation [6]. The importance of digitalisation is widely
recognised in academia as critical to improving project delivery and competitiveness [7,8].
Persistent barriers remain in the industry, most notably, the lack of digital skills within
the workforce.

2.1.1. Building Information Modelling (BIM)

BIM is a digital representation of a building’s physical and operational characteris-
tics, enabling a data-rich model that supports decision-making across the entire project
lifecycle [9]. Software platforms such as AutoCAD 2026 and Revit underpin BIM processes,
enabling integrated modelling across both the design and construction phases.

Among the suite of emerging technologies influencing the AEC sector, including the
Internet of Things (IoT), Artificial Intelligence (AI), Digital Twins, and Virtual Reality (VR),
BIM is the most widely adopted [10]. Its prominence is reinforced by its codification in
international standards such as ISO 19650-1:2018 [11] and the development of the Aus-
tralian BIM Strategic Framework. Furthermore, the Australian Government has mandated
the application of BIM for all federally funded infrastructure projects exceeding AUD
$50 million, embedding its use in procurement processes and reinforcing its role in public
sector project delivery [12].

While large Tier 1 and Tier 2 construction firms have embraced BIM to enhance pro-
ductivity, coordination and lifecycle asset management, uptake among small-to-medium
enterprises (SMEs) remains comparatively limited. Despite SMEs comprising approxi-
mately 98% of construction businesses in Australia, only 42% of these firms were reported
to be actively engaging with BIM [13]. More recent studies continue to highlight persistent
barriers such as high implementation costs, lack of in-house expertise and limited client
demand [14], which have contributed to this BIM adoption divide within the sector.

Barriers to digital technology adoption in the Australian construction sector are mul-
tifaceted, spanning technical, organisational and educational domains. Sepasgozar and
Davis [15] conceptualise these challenges using NVivo and AHP analyses, highlighting
the complex interplay among process-related barriers, decision-making uncertainties, and
misaligned stakeholder incentives that hinder BIM implementation. Alieh et al. [16] un-
derscore the critical role of education, revealing a mismatch between university-delivered
BIM training and industry expectations, which perpetuates skill shortages and hampers
organisational readiness.

2.1.2. Digital Twins (DTs)

DT technology refers to the development of a real-time digital counterpart of a physical
asset at any stage of the project lifecycle, offering an integration of socio-technical and
process-driven attributes compared to traditional BIM [17].

In the Asia Pacific (APAC) region, a considerable proportion of AEC professionals
are still unaware of DT technology, highlighting a widespread lack of awareness and
digital readiness [2]. Between 2020 and 2022, only 17.1% of construction projects integrated
Digital Twin (DT) technology, with adoption forecasted to increase to 25.5% by 2025 [18].
Despite this upward trend, DT implementation in construction remains at an early stage
and continues to lag other sectors. Madubuike et al. [19] emphasise this disparity, noting
that construction significantly trails more digitally mature industries in adopting DT, but
also that the increasing development of smart infrastructure offers a strong foundation for
the integration of DTs.

The adoption of DT technology in the construction industry remains constrained by a
range of interrelated barriers. Opoku et al. [20] categorise these into stakeholder, industry,
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enterprise and technology domains, identifying limited awareness, resistance to change,
and inadequate digital skills as critical issues. Zhu et al. [18] reinforce these challenges, cit-
ing high implementation costs, insufficient IT infrastructure in SMEs and a lack of strategic
leadership. Mousavi et al. [21] further highlight integration difficulties, data inconsistency
and cybersecurity risks, calling for interdisciplinary collaboration, standardisation and
platform unification. All three studies consistently identify the lack of a skilled workforce
as a critical barrier, emphasising the need for targeted education and training initiatives to
support industry readiness.

2.1.3. Artificial Intelligence (AI)

AI encompasses a broad spectrum of computational techniques, including machine
learning, computer vision, natural language processing and intelligent optimisation, which
are all designed to simulate human intelligence in complex environments. According to Pan
and Zhang [22], AI plays six pivotal roles in construction: knowledge representation and
reasoning, information fusion, computer vision, natural language processing, intelligent
optimisation and process mining. These functions enable AI to support key project tasks
such as defect detection, predictive maintenance, project scheduling and real-time site
monitoring. Collectively, these applications contribute to enhanced safety, improved
quality and greater productivity across the construction lifecycle [23].

In recent years, while AI has significantly reshaped numerous industries, the con-
struction sector has been relatively slow to adopt it. The recent rise and swift integration
of advanced large language models (LLMs) such as OpenAI’s GPT, Google’s PaLM and
Microsoft Co-pilot has demonstrated substantial promise and captured widespread global
construction attention [24]. In contrast, blockchain technology, despite its potential to en-
hance transparency, security and contract automation, has been identified as a technology
still in its infancy, with its application in construction remaining underdeveloped and
largely experimental [3].

Despite the transformative potential of AI to enhance efficiency, forecasting, and
decision-making across construction and project management, several persistent barriers
hinder its widespread adoption. Regona et al. [25] identify the fragmented nature of the
construction industry, difficulties in data acquisition, high implementation costs and the
complexity of applying AI to non-standardised environments as significant challenges.
Similarly, Shang et al. [26] highlight the financial burden of AI implementation and mainte-
nance, a lack of skilled personnel and insufficient top-down support as critical obstacles
within project management contexts. Ghimere et al. [24] add that further limitations in-
clude data scarcity, poor domain-specific adaptation of large language models, workflow
integration challenges, legal and ethical concerns and high implementation costs. Gupta
and Arif [27] also attribute the limited uptake of AI and blockchain in the construction
industry to stakeholder resistance, as many industry actors remain reliant on conventional
practices. To address these challenges, they propose strategic interventions such as targeted
educational programmes and workforce training initiatives to bridge the digital skills gap
and facilitate smoother integration of this emerging technology.

2.1.4. Internet of Things (IoT) and Sensor-Based Technologies

IoT refers to an interconnected network of physical devices embedded with sensors
and communication technologies, enabling real-time data acquisition, integration and anal-
ysis through access to domain-specific software systems. These devices facilitate functions
such as structural health monitoring, equipment tracking and site safety management by
transmitting operational data across project phases [28].

https://doi.org/10.3390/su18125855

https://doi.org/10.3390/su18125855


Sustainability 2026, 18, 5855 5 of 35

IoT adoption in the Australian construction sector is progressing gradually, driven by
its potential to improve efficiency, safety and sustainability. There is limited research into
the adoption rates; however, the PWC report commissioned by the Australian Computer
Society [29] estimates annual benefits of AUD 75–96 billion from future IoT implementation.
Ghosh et al. [30] highlights fragmented uptake and a lack of integrated strategies for the
integration of IoT, while Sheikhmiri and Issa [31] report only moderate industry awareness.
Although interest is rising, widespread deployment is constrained by gaps in education,
policy and digital readiness, particularly among SMEs.

Multiple barriers hinder IoT adoption in Australia’s construction industry, including
high costs, limited standardisation and insufficient technical skills [31,32]. Productivity
concerns related to wearable sensors and the demand for continuous monitoring also
deter implementation [28]. Additionally, cybersecurity risks and the fragmented nature of
construction projects reduce willingness to invest in long-term digital infrastructure [30].
These challenges suggest that while IoT technologies are available, structural, organisational
and labour limitations slow their adoption.

2.1.5. Virtual and Augmented Reality (VR and AR)

VR and AR are immersive technologies to enhance visualisation, communication
and, most notably, enhance the training of construction workers. VR enables simulated
environments for experiential learning, while AR overlays digital information onto physical
spaces with the highest rate of application in hazard identification, safety education and
training and safety inspections [33]. These technologies improve safety performance by
offering reduced risk for workers to engage with complex or hazardous procedures [34,35].

Despite their recognised potential to enhance safety training, design visualisation
and project coordination, AR and VR remain underutilised in the Australian construction
sector. Key barriers include high implementation costs, limited awareness and conservative
industry attitudes towards innovation [36,37]. These technologies are often viewed as
immature and not yet feasible for widespread application, particularly among SMEs. As a
result, AR and VR are still in the exploratory phase of adoption across much of the industry.

2.2. Barriers to Technology Adoption

Despite growing global investment in construction technologies, the AEC industry
continues to demonstrate resistance to digital transformation. Persistently low productiv-
ity growth and narrow profit margins may promote a risk-averse culture that may also
discourage the adoption of emerging technologies [6,38]. High upfront investment costs,
combined with time-intensive implementation processes, remain significant deterrents
to industry-wide integration of digital systems. Compounding these financial and proce-
dural challenges is a widespread lack of digital competencies across the workforce. This
is a structural weakness that continues to hinder the effective deployment of advanced
technologies [16,39].

A review of the literature reveals a range of interrelated barriers impeding digital
adoption. These span financial constraints, organisational inertia, interoperability limita-
tions and concerns around cybersecurity. However, the most frequently cited obstacle is
the lack of digital skills among construction professionals, which significantly undermines
the sector’s ability to manage and integrate emerging tools [40].

Table 1 summarises the key thematic barriers identified across recent academic studies,
grouped according to their dominant characteristics and the sources that support them.
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Table 1. Barriers to the adoption of technology.

Barrier Sources

Skills and Training Deficit [8,13,16,20,21,27]

High Implementation Costs [18,20,27]

Organisational and Cultural Resistance [18,21,30,32]

Fragmentation and Lack of Standards [21,25,30,32]

SME Constraints and Digital Readiness [13,20,31,36,37]

Cybersecurity and Data Concerns [21,30]

As illustrated in Table 1, while technical and financial barriers remain prominent, a
growing number of studies point to deeper systemic issues within the construction work-
force itself. Many of the technologies central to digital transformation require advanced
skills in data management and systems thinking. These competencies are not yet widely
developed across the sector.

2.3. Education and Training for Technology Adoption
2.3.1. Current Landscape of AEC Education and Training

The substantial increase in investment across AEC technologies has highlighted a
widening gap between the tools being developed for industry and those embedded within
the education and training landscape. Australian universities have made progress in
incorporating BIM into their programmes, with 24 out of 43 institutions offering BIM-based
content in 2020 and 76 courses recorded in 2024, many of which now align with ISO:19650
frameworks [11]. However, this integration is largely confined to technical subjects such as
modelling and coordination [8,41] and does not reflect the broader collaborative, lifecycle
and sustainability applications of BIM in practice [42].

Alieh et al. [16] applies the Person–Organisation Fit theory to highlight this disconnect,
showing that universities tend to teach BIM as a standalone design tool rather than as an
integrated process for digital collaboration and risk-informed decision-making. Casasayas
et al. [42] similarly identify challenges such as fragmented curricula and limited academic
professional development opportunities.

In parallel, Australia’s vocational education and training (VET) sector offers short,
practice-focused courses aimed at upskilling the existing workforce, with training of-
ten centred on tools such as Bluebeam Revu, Navisworks and BIM 360. However,
these offerings tend to prioritise software-specific skills over broader capabilities such
as data interoperability, lifecycle asset management and compliance with information
standards [7,43]. Institutional capacity and educator readiness are major factors influencing
whether technologies such as VR and AR are adopted into VET and university classrooms.
A lack of training for instructors has emerged as a primary barrier, limiting the sector’s abil-
ity to deliver digitally competent graduates at scale. Consequently, graduates are entering
the workforce underprepared to meet the digital expectations of industry, highlighting a
growing misalignment between educational outputs and professional requirements.

2.3.2. The Digital Skills Gap

Although digital tools are becoming central to construction practice, graduates from
Australian AEC programmes remain critically underprepared to meet industry’s technolog-
ical expectations. Suprun et al. [44] identified the difference between academic outcomes
and professional requirements in areas such as digital coordination, collaborative software
use, and data-driven decision-making. Papuraj et al. [45] reviewed digital and BIM-related
training in construction project management courses across Australia and found signifi-
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cant gaps in practical exposure, interdisciplinary collaboration and staff capability. These
findings confirm that many graduates lack the technical fluency and real-world experience
needed to contribute confidently within digital project environments.

This disconnect is also reflected in the work of Alieh et al. [16], who assessed the BIM
work readiness of graduates from Australian universities. While those in the industry
recognised that graduates often have basic BIM software 2026 proficiency, the study found
that most lacked the deeper competencies required for industry application, including
collaborative model management, coordination workflows and decision-making. Alieh
et al. [16] argue that current BIM education fails to deliver beyond the technical interface,
neglecting broader industry needs such as project integration and soft skills.

Broader emerging digital technologies such as AI, IoT, Digital Twins, VR and AR
remain largely absent from structured curricula [10]. Siddiqui et al. [39] propose a compre-
hensive list of digital competencies for the adoption of any emerging technology, as they
are still not systematically delivered across AEC programmes.

In vocational education, similar limitations exist. Chaaya et al. [7] highlight that most
VET programmes prioritise software-specific training, often at the expense of broader strate-
gic, integrative, and collaborative digital capabilities. These constraints are compounded
by instructor capability gaps, short course durations and limited digital infrastructure.

Tahmasebinia et al. [46] further discussed the mismatch between academia and in-
dustry through a comparative keyword analysis. They argued that the literature focuses
on digitalization and infrastructure, while industry discourse centres around lifecycle
optimisation, coordination, and risk management. These different approaches to digitalisa-
tion highlight the urgent need for digital education to reflect the AEC sector’s utilisation
and priorities.

2.4. Limitations of Existing Literature and Research

To consolidate key findings from the literature, Table 2 summarises key peer-reviewed
studies that examine education and digital technology adoption in the AEC sector. It
outlines each paper’s main contributions and highlights limitations that have influenced
the scope, stakeholder engagement, or practical applicability of their conclusions.

While the existing literature has significantly advanced our understanding of the
barriers to digital technology adoption in the AEC sector, it remains largely diagnostic,
with limited focus on the training and education aspects of emerging technologies. Few
studies propose practical frameworks or pedagogical strategies capable of addressing these
persistent challenges within educational and training contexts. Some other studies utilised
advanced technologies for teaching and proposed practical frameworks or pedagogical
strategies. For example, Sepasgozar [47] developed virtual tour modules to simulate on-the-
job, case-based learning, along with a theoretical framework. This is useful to construction
education since it gives direct access to best-practice sites that were constrained by safety,
scale, or pandemic conditions. They also proposed and validated the Virtual Teaching
Acceptance Model, showing that immersion, situated learning, and social presence were
key drivers of engagement and satisfaction in virtual learning environments. While these
type of studies focused on technology utilisation for education, there are limited studies to
enhance the skill or literacy of technology usage in the industry [2,3]. The digital skills gap
is cited as a critical constraint, yet concrete models for embedding these competencies into
formal learning environments are rarely articulated. Much of the scholarship is anchored
in the domain of BIM, which, while foundational, is often treated in isolation from the
wider ecosystem of digital technologies including AI, IoT, DT, and immersive tools such as
VR and AR. This narrowness limits the relevance of findings to the broader demands of
digitally enabled project delivery.
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Table 2. Findings and limitations of the existing literature.

Source Findings Limitations

[16]
Evaluated the alignment between graduate BIM
competencies and industry expectations through
the Person–Organisation Fit framework.

Sample limited to industry professionals; absence
of student and educator input; scope confined to
BIM-related skills.

[42]

Identified institutional barriers to BIM integration
in Australian university programmes and
proposed curricular standardisation and academic
staff development.

Based solely on secondary literature; lacked
empirical validation; did not incorporate
multi-stakeholder perspectives.

[7]
Provided insight into industry-level integration of
emerging technologies using surveys and
semi-structured interviews.

Focused exclusively on industry practitioners;
educational institutions and training practices
were not examined.

[45]
Mapped the extent of digital and BIM-related
instruction in Australian construction
management curricula.

Content-focused analysis; no engagement with
academic staff or learners; lacked assessment of
pedagogical efficacy.

[39]
Developed a digital skills taxonomy necessary for
technology integration in construction, based on a
synthesis of the current literature.

Did not evaluate instructional delivery or learning
outcomes; not contextualised within Australian
education systems.

[8]
Compared academic and industry viewpoints on
emerging technologies through a mixed-methods
approach.

Limited by a small, geographically constrained
sample; results may not be broadly generalisable
across the sector.

[46]
Conducted a comparative discourse analysis to
reveal misalignment between academic and
industry interpretations of BIM.

Document-based approach only; did not engage
with educators, students, or training stakeholders;
restricted to BIM focus.

Equally, methodological approaches across the literature tend to be constrained. A
considerable proportion of studies rely exclusively on industry-facing surveys or curricu-
lum analyses, with limited triangulation across stakeholder groups. The perspectives of
students, educators, and training providers are frequently absent or underrepresented. As
a result, the literature offers a fragmented view of how digital readiness is cultivated across
the learning lifecycle. A limited number of studies critically examine how educational
structures respond to, or fall short of, evolving technological expectations in practice. These
limitations highlight the need for more integrated and data-driven research that examines
not only what digital skills are needed, but also how they are taught, contextualised, and
applied within real-world learning environments.

3. Methodology
To address the limitations identified in Section 2.4, this study adopts an empirical

mixed-methods design that integrates quantitative and qualitative data collection. The
research deliberately incorporates perspectives from three stakeholder groups: industry
practitioners, educators, and students/early career professionals. The intention here is
to overcome any potential biases from a single stakeholder group. A structured survey
captures patterns of technology exposure, training participation, and self-rated capability
across the sector. Semi-structured interviews were also conducted to provide contextual
depth regarding organisational and academic curricular factors influencing technology
adoption. The overall research workflow, including data collection, analysis, and triangula-
tion, is summarised in Figure 1.
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Figure 1. Methodology flowchart.

3.1. Research Design

As the research is exploratory in nature, the selected methodology was the use of a
mixed-methodology study combining the insights from both semi-structured interviews
and a survey. Through collecting both qualitative data from the interview portion and
quantitative data from the survey portion, the results will be compared to enhance the
reliability of this study in the built environment [48]. A triangulation approach will also be
utilised, with both quantitative and qualitative data collected concurrently and integrated
during analysis. This is a suitable and an appropriate research approach for construction
management research [49]. This design facilitates the corroboration of findings across
methodological domains, ensuring the research will have breadth and depth in its analysis,
remain concise and be able to be completed within the limitations of this course. Given
the exploratory nature of the study and the purposive, non-probability sampling strategy
employed, the findings are not intended to be statistically generalisable to the entire
Australian AEC sector. Instead, they provide analytically grounded insights into patterns,
constraints, and relationships that characterise technology education and training within
the selected sample.

The interview and survey themes were developed following an extensive literature re-
view. The three focal themes across the method were technology exposure and competency,
training and education for technology adoption and graduate preparedness and support
needs. The research methodology design is shown in Figure 1.
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3.2. Preliminary Research

The research commenced with a literature review of sources in the domains of ed-
ucation, training, and digital technology adoption in the AEC sector. Sources were
retrieved from Google Scholar and the University of Sydney Library via iteratively re-
fined keyword strings (e.g., digital skills, construction education, training programmes,
BIM/DT/AI/IoT/VR-AR), with relevance screening and inclusion/exclusion applied to
converge on relevant evidence and data. Crucially, the literature review translated existing
research into measurable variables and themes: it informed the mixed-methods design,
underpinned the survey’s item wording and scaling, and structured the semi-structured
interview guide.

3.3. Data Collection

Ethics approval was sought and granted by the University of Sydney Human Research
Ethics Committee (HREC) with identifier 2025/HE000379. All participants of the study
provided informed consent prior to participation. Different types of data are discussed
as follows.

3.3.1. Quantitative Data

A structured, close-ended survey was designed to align with three overarching themes
and organised into clearly delineated sections: general industry experience, technology
exposure and self-rated competency, current training methods, graduate preparedness and
support needs.

The questions were designed following the literature review and drew on key ideas
or gaps in the literature. Questions were framed by utilising the previous literature so as
to avoid author bias, and ensure the results were focused on key ideas. The survey was
administered via Microsoft Forms to align with the approved ethics application.

The format of the survey was standardised to support quantitative analysis: multiple-
choice questions captured organisational context (organisation type, role, education, tech-
nologies taught/exposed to); binary yes/no items screened for recent training participation;
Likert-type scales (1–5) assessed attitudes and perceived barriers; frequency scales (Never–
Always) profiled organisational training practices; and numeric ratings quantified expertise
(0–4), perceived investment and digital literacy (0–10).

Participants were recruited through the researcher’s professional network within
the Australian AEC community using a non-probability, heterogeneous purposive sam-
pling strategy targeting individuals with relevant experience, education, and expertise.
The survey yielded 43 participants, spanning construction companies, engineering firms,
architectural practices, and tertiary education.

Survey respondents by sector can be seen in Figure 2; the composition is heavily
weighted towards the construction sector of the industry, which may introduce over-
representation bias and constrain the results from being generalisable. This will be further
discussed in Section 4.

As shown in Figure 3, participant experience is concentrated in early career bands,
with smaller mid-career groups and a secondary peak at 20+ years. When assessing survey
respondents in relation to formal education, the cohort is dominated by Bachelor’s degree
AEC graduates, with smaller groups holding technical diplomas or non-AEC Bachelor’s
degrees and only a few postgraduate or unqualified participants, refer to Figure 4 below.
This profile reflects the recruitment approach and is acknowledged when interpreting the
training and competency results.
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Figure 2. Survey participants by sector.

Figure 3. Survey participants by years of experience.
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Figure 4. Survey respondents by highest level of formal education.

3.3.2. Qualitative Data

Six semi-structured interviews were conducted using purposive, expertise-based
sampling to obtain informed perspectives on digital technology adoption in the Australian
AEC sector. Participants were required to have substantive AEC experience and direct
involvement in implementing or overseeing technologies (e.g., BIM, Digital Twins, AI, IoT,
VR/AR). Recruitment through professional networks targeted three stakeholder groups:

(i) Construction and engineering leaders responsible for business outcomes and involved
in recruiting or supervising graduates.

(ii) Academic leaders involved in curriculum and training design.
(iii) Students or early career participants currently engaged in formal education pathways.

A de-identified list of interviewees is provided in Table 3.

Table 3. Interviewee overview.

Interviewee Industry Role Experience Education Level

Interviewee 1 Education/Academia Lecturer 20+ Doctoral Degree (AEC)
Interviewee 2 Construction Construction Director 20+ Bachelor’s Degree (AEC)
Interviewee 3 Engineering Vice President 20+ Doctoral Degree (AEC)
Interviewee 4 Education/Construction Student/Undergraduate 1–3 years Bachelor’s Degree (AEC)

Interviews followed a set of questions aligned to the survey’s themes (industry context;
technology exposure and competency; training practices and barriers; graduate prepared-
ness and support needs), while allowing probing to clarify examples and discuss further
areas of interest. The semi-structured nature allowed for a flowing conversation where
ideas were explored, and questions were shaped to the experiences provided during the
interview. Sessions were conducted in mixed mode (face-to-face and Zoom). Identifiers
were removed during transcription; pseudonyms were assigned; and files were stored on
encrypted drives consistent with institutional guidelines and the approved ethics protocol.

3.4. Data Analysis
3.4.1. Quantitative Data

Survey data were cleaned in IBM SPSS Statistics version 31. Internal consistency
for multi-item questions and scales was assessed using Cronbach’s α. Inferential tests
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were chosen according to measurement level and diagnostic results: associations between
categorical variables used Pearson’s χ2 with Cramér’s V (Fisher’s exact test applied when
expected counts were <5 or after defensible category collapsing); group mean differences
used independent-samples tests and heteroscedasticity-robust variants (Welch’s t, Welch’s
ANOVA) when Levene’s test indicated unequal variances, with Games–Howell for post
hoc comparisons under unequal n/variance. Effect sizes (Hedges’ g/Cohen’s d, η2/ω2,
Cramér’s V) and 95% CIs are reported with two-tailed p values (α = 0.05). Analytic sample
size reflects listwise deletion and estimates from small subgroups are flagged. Simple Excel
visualisations were also produced to aid interpretation.

3.4.2. Qualitative Data

Interview transcripts were imported into NVivo (v14) and organised into case classifi-
cations, capturing participants’ roles and sectors to enable matrix queries. An inductive,
bottom-up coding strategy was implemented (open coding → category development → the-
matic consolidation), supported by contemporaneous analytic memos and a documented
audit trail of code definitions and revisions. Coding dependability was strengthened
through constant comparison and code–recoding checks. Matrix coding queries exam-
ined patterned variation in themes by role/sector and across focal domains (e.g., gover-
nance/permissions, training modalities, curriculum constraints). Text search and word
frequency queries were used heuristically to surface candidate concepts. Representative
quotations were extracted for each higher-order theme to illustrate participants’ reasoning,
provide descriptions, and reduce interpretive bias in reporting.

3.4.3. Triangular Integration

A convergent mixed-methods design guided analysis. Quantitative patterns
(e.g., training participation, differences by organisation type, self-rated expertise profiles)
are often considered to be compared with qualitative explanations (e.g., authorisation pro-
cesses, resourcing, curriculum governance) where possible and applicable. This may help
establish the validity and thickness of the data. Interpretations are bounded by the non-
probability sampling frame and modest sample size; where statistical power was limited,
qualitative evidence was used to contextualise plausibility rather than to over-generalise.

3.5. Reliability and Validity
3.5.1. Reliability

To assess the reliability of the survey portion of the methodology, internal consistency
was examined for all analytic items which capture exposure to emerging technologies
(taught and career exposure), self-rated expertise, participation in recent training, organ-
isational training provision, perceived training barriers, and digital readiness attitudes.
However, the survey has its limitation of sample size and had limited access to a larger
group of participants. Demographic/classification variables (e.g., organisation type, educa-
tion level) were excluded, as they do not align with the underlying concepts and aims of
the research.

Internal consistency was examined across thematically related survey items to indicate
coherence in this exploratory study. Cronbach’s alpha was used to assess whether items
addressing related themes were sufficiently consistent to support the analysis. It was,
however, not used to assert the presence of a single latent construct. Cronbach’s α = 0.761,
which is suitable for an exploratory mixed-methods study of this scale [50]. This indicates
that the survey data function coherently and provide a reliable base for subsequent analysis.
Analysis of the item-total statistics indicated that most items contributed positively to the
overall scale; however, a small number of items with opposite meaning or very low variance
did not support this. For example, “Taught: no current technology,” “Exposed: no current
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technology,” and “When were you first exposed. . .” showed low or negative corrected
item-total correlations (r ≈ −0.13 to −0.31) and slightly higher α if the item was deleted
(values up to ≈0.767). These items were retained to preserve coverage of non-adoption
cases, which are understood to be central to an Australian AEC sample as the industry
is characterised by uneven digital uptake. Overall, the α = 0.761 result indicates that the
survey data function as a coherent set of indicators and provides an adequate reliability
base for subsequent inferential analysis.

All interviews employed the same semi-structured guide linked to the survey domains
(education/exposure, training provision, barriers, and graduate preparedness), and all tran-
scripts were reviewed by the same student researcher in NVivo using a single, iteratively
refined codebook or guide.

3.5.2. Validity

Validity was addressed through design alignment, transparency, and triangulation,
where practicable and the samples allowed. The survey items were derived directly from
the research aims and drew on established AEC/digital construction themes (skill deficits,
organisational resistance, cost/access constraints), which supports content validity. The
paper also considered pairing perceptions (e.g., “structured education increases adoption”;
“graduates are adequately prepared. . .”) with behavioural/context variables (technolo-
gies taught, training undertaken in the last 12 months, training modes offered). At the
same time, the use of heterogeneous purposive sampling reduces repeatability. Partic-
ipants were selected by the researcher from professional AEC networks, so a different
researcher drawing on a different network could obtain a different configuration of roles
and organisations. This can introduce data dispersion, making it harder to detect strong
patterns in a modest sample [51] and it can open the possibility of author/selection bias [52].
To mitigate this, recruitment deliberately sought diversity across organisation types and
roles so that the sample addressed a portion of the Australian AEC context, even if not
statistically generalisable.

For the interview analysis, an inductive, bottom-up coding approach was used specif-
ically to avoid allowing pre-existing constructs from the survey or literature to over-
determine the findings or to mask emergent, practice-level issues [53]. Themes derived
from the interviews were then compared back to the survey results. The thematic patterns
that diverged from the survey were retained rather than suppressed, so triangulation
functioned as both confirmation and elaboration, with points for further discussion. This
triangulation increased the credibility of the interpretations despite the non-probability
sample. Overall, the methodology constrains repeatability and statistical generalisability;
the combination of aligned themes, aims, acceptable internal consistencies (α = 0.761) and
bottom-up analysis provide a defensible level of validity and reliability for the purposes of
this mixed-method AEC study.

4. Results and Discussion
4.1. Current Technology Adoption

Objective one of this research was to identify what technologies are being taught
in formal tertiary education based on a sample of participants. To meet the study objec-
tives, we first established the current state of technology adoption to provide context for
analysing training, education, and perceived effectiveness. This initial focus informed
the development of survey items and interview prompts, ensuring participants had a
clear frame of reference. Consequently, this staged approach enabled a more nuanced
analysis of how participants engage with technology and how training influences their
professional expertise.
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Across the survey sample, as shown in Figure 5, 79% reported that they themselves,
or their organisation, currently use at least one emerging technology, while 21% reported
no current use. Career exposure was highest to BIM (90%), followed by AI (52.5%), IoT
(40%), VR/AR (25%), and Digital Twins (22.5%), with only 5% indicating no exposure (see
Figure 6). This pattern indicates that BIM is the most mature and embedded technology,
whereas newer tools such as AI, IoT, VR/AR and DTs are less widely integrated into
practice, yielding less exposure.

Figure 5. Exposure to emerging technology of survey participants.

Figure 6. Participants’ exposure to technology within industry.
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Evidence from the qualitative portion of the research also indicates active implementa-
tion of emerging technologies in practice. Interviewee 3 noted that BIM “started about eight
to nine years ago,” and the firm later “got our own BIM manager”; they are now “looking
into the AI space, from tendering to working on site.” Interviewee 2 described several
internally developed technologies: “a lot of what we do here has been generated in house”,
including an operation-grade building monitoring platform “similar to a digital twin,” used
to forecast wind conditions across the Sydney CBD that they “developed 10 years ago.”
They also reported internal seminars led by “younger guys who are more clued up with
the advances in AI,” and observed that roughly “20% of the presentations” at recent confer-
ences focused on AI applications in wind engineering. Both industry interviewees affirmed
that AI is being explored and trialled across the sector and within their organisations, with
BIM being comparatively mature across the industry.

These results align with the existing literature positioning BIM as the most mature
and institutionally embedded digital workflow in the AEC sector [10–12], underpinned by
formal standards and procurement mandates, which is consistent with the 90% exposure
rate reported in this study. In contrast, AI, IoT, VR/AR and DTs recorded substantially lower
exposure, supporting their characterisation in the literature as emergent technologies that
are typically deployed on selected projects and require more advanced data infrastructure,
specialised expertise, and system integration. Notably, AI emerged as the second most
widely encountered technology in the survey, with interview participants consistently
identifying it as a major technology that will be embedded across the sector, signalling an
inflection point in its adoption trajectory. While the relatively small sample constrains the
generalisability of these findings, the pattern observed, a mature baseline in BIM alongside
comparatively limited but growing engagement with newer technologies, particularly AI,
provides important context for interpreting how current education and training pathways
are preparing the workforce for contemporary and future digital demands.

4.1.1. Technology Expertise, Literacy and Organisation Type

Overall, as shown in Figure 7, respondents reported low levels of expertise across
all identified emerging technologies, extending beyond limited exposure to a lack
of confidence in applied use. Self-ratings on the five-point scale (0 = No exposure,
1 = Basic knowledge, 2 = Applied practitioner, 3 = Specialist, 4 = Expert), supported
by a descriptor table, were concentrated at Levels 0–1 for AI, Digital Twins, VR/AR and
IoT. This indicates that current education and training pathways are, in many cases, only
introducing these tools at a conceptual level rather than building applied, workflow-ready
capabilities. Such patterns raise questions about how effectively existing programmes are
equipping graduates and practitioners for the digital demands of contemporary project
delivery and asset management.

Within this context, BIM stands out as the comparatively more mature and embedded
technology, with a higher proportion of respondents reporting applied practitioner and
specialist expertise levels. This aligns with the literature positioning BIM as the most
widely adopted and institutionally supported digital process in the Australian AEC sector,
underpinned by clearer implementation guidelines, contractual requirements, and more
consistent curricular inclusion. The contrast between BIM and the other technologies
underscores how structured frameworks, policy signals and coordinated training invest-
ment can translate into higher capability, while their absence contributes to patchy and
shallow uptake elsewhere. These findings collectively point to the need for more coherent,
practice-oriented approaches to developing digital skills.
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Figure 7. Self-rated expertise by emerging technology.

Further analysis was conducted with the level of expertise in each technology in
relation to organisation type. One-way ANOVAs tested whether self-rated expertise in
AI, BIM, DTs, IoT, and VR/AR differed by organisation type (Table 4). Levene’s tests
supported homogeneity for all outcomes except Digital Twins, for which Welch’s robust
test was used; the conclusions were unchanged. No statistically significant differences were
observed for AI, Digital Twin, IoT, or VR/AR (all p ≥ 0.19; η2 ≈ 0.03–0.12). BIM showed
the largest effect but did not reach significance, F(3, 38) = 2.594, p = 0.067, η2 = 0.17; Games–
Howell post hoc tests revealed no significant pairwise contrasts. Descriptively, architectural
firms reported the highest BIM expertise; while this pattern reflects the literature [54], it
should be interpreted cautiously given the small group sizes. This paints a wider picture
of the sector with digital skills and expertise of similar maturity across all organisations.
There are however digital ‘leaders’ across the sector with high digital maturity across
some technologies.

Table 4. Technology utilisation by industry sector/organisation type.

Technology F-Statistic (df1, df2) p-Value η2 Levene p Specific Group Differences
(Games–Howell)

AI 1.664 (3, 38) 0.191 0.116 0.254 NA

BIM 2.594 (3, 38) 0.067 0.170 0.864 NA

Digital Twin 0.855 (3, 6.655) 0.509 0.113 0.001 NA

IoT 0.361 (3, 37) 0.782 0.028 0.229 NA

VR/AR 0.819 (3, 38) 0.492 0.061 0.135 NA

When asked about digital literacy, participants rated their own digital literacy
(M = 5.881/10) and their direct team’s literacy (M = 5.929/10) at comparable levels; the
mean difference was negligible (paired t(41) = −0.206, p = 0.838, d_z ≈ −0.03). Across
respondents, self- and team-ratings were strongly associated (r = 0.70, p < 0.001). These
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findings indicate broadly aligned perceptions of digital capability within workgroups.
While this alignment suggests a shared understanding of literacy levels, it should be
interpreted as convergence rather than evidence that digital literacy operates as a fully
collective capability.

More broadly, mid-range self-ratings and the absence of clear organisational leaders
align with prior studies highlighting persistent gaps in digital proficiency and uneven
institutionalisation of advanced tools across the AEC sector. Taken together, these results
point to systemic, cross-organisational capability deficits rather than isolated weaknesses
confined to organisation types, reinforcing the need for structured, embedded, and collabo-
rative upskilling initiatives.

4.1.2. First Exposure to Emerging Technology

Figure 8 shows when first exposure to emerging technology occurred. Interestingly
it occurred predominantly in industry, whether that be through training or on the job.
A smaller proportion first encountered these tools during formal education, 40%; only
5% reported no exposure. The larger share reporting first exposure in industry likely
reflects the cohort profile: many respondents completed their formal education at the
outset of their careers and have not re-entered formal study since. As a result, this survey
question and result may capture legacy curricula rather than current university practice
and should not be read as evidence that contemporary programmes provide minimal
exposure. In short, the finding may overstate industry’s role relative to present-day formal
education; interpreting it alongside graduation year or recency of study would provide a
more balanced view. However, it does indicate if the digital skills gap was to be addressed
it would need to consider formal education pathways for those that are already within the
industry, who are unlikely to re-engage with formal education.

Figure 8. Exposure to emerging technology.

4.2. Current Training and Education Use and Effectiveness

To further extend objective one, the extent to which current education and training
arrangements in the Australian AEC sector are keeping pace with emerging digital tech-
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nologies is disseminated. This is limited to the sample used in this paper and the analysis
proceeds in three steps:

(i) Identify what technologies participants reported being taught in formal (tertiary)
education.

(ii) Examine participation in workplace and professional training over the last 12 months.
(iii) Compare these patterns with organisational training offerings and interview accounts

of industry-embedded learning.

4.2.1. Emerging Technology in Tertiary Education

Figure 9 shows that exposure to emerging technologies within formal education is
polarised: most respondents reported either no technologies being taught or BIM being
included in their programmes, while only a small proportion indicated coverage of AI, IoT
or VR/AR, and none reported formal instruction in Digital Twins. To examine whether this
pattern was influenced by recency of formal education, exposure during university study
was analysed in relation to years of industry experience. Only 11.9% reported being taught
AI at university, and the association between AI-at-university and experience was not
significant (χ2(6) = 4.84, p = 0.565), indicating consistently low AI coverage across cohorts.
BIM appeared more frequently, with 50.0% reporting university exposure; however, the
BIM-by-experience association was also non-significant (χ2(6) = 10.383, p = 0.109). Although
the corresponding Cramér’s V suggested a potentially meaningful association, chi-square
assumptions were violated (multiple expected counts < 5), so this effect is not interpreted.
Overall, the absence of statistically reliable associations likely reflects limited power arising
from small cell sizes rather than definitive equivalence across cohorts, indicating that
firmer conclusions about curriculum evolution would require a larger and more stratified
sector-wide sample.

Figure 9. Technology taught within formal education.

Descriptively, BIM teaching was more commonly reported by early to mid-career
respondents (Figure 10) (e.g., 1–3 years: 55.6%; 4–6 years: 87.5%; 11–15 years: 66.7%) and
less frequently by longer-tenure cohorts (15–20 years: 25.0%; 20+ years: 14.3%), which
aligns with a gradual diffusion of BIM into university curricula over time. Taken together,
these results indicate BIM has been incorporated more systematically in more recent years,
albeit unevenly and with limited statistical power to draw firm inferences. From a practice
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and curriculum design perspective, this pattern supports prioritising explicit AI content
in undergraduate programmes, alongside targeted continuing professional development
for mid- and late-career professionals, to reduce cohort-based gaps in exposure to key
digital tools.

Figure 10. BIM exposure within formal education by years of experience.

More broadly, the findings suggest that curriculum reform operates on multi-year
cycles. Although BIM is widely recognised as a mature digital workflow in industry, it
has only relatively recently become common in university programmes, pointing to a
persistent lag between industry consolidation and formal educational adoption. For many
respondents, emerging technologies were not embedded in their studies at all, which helps
explain why limited digital skills are repeatedly identified in the literature as a critical
barrier: a workforce that was not systematically taught to engage with current technologies
is less likely to be prepared for rapid waves of newer tools. Interview evidence reinforces
this interpretation. Interviewee 1 advocated a cross-stream subject showcasing “the latest
technologies and what the software can do,” while noting that curriculum changes can
take up to a decade due to layered approval processes. Interviewee 4 similarly observed
that core engineering units rarely include specific content on emerging technologies, that
majors emphasise broad conceptual understanding over hands-on tool proficiency, and that
digital content often appears only in isolated application-focused subjects. Together, these
insights suggest that without deliberate curriculum innovation, staff upskilling, and deeper
industry partnerships, newer technologies such as AI, IoT, Digital Twins and VR/AR are
likely to enter coursework slowly, potentially perpetuating the digital capability gap the
sector is already experiencing, which this research seeks to address.

4.2.2. Effect of Formal Education on Expertise

To establish if there is a link between education and expertise, self-rated expertise
was compared between participants who were taught the technology in formal education
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vs. those who were not. For AI, the taught group rated themselves higher: Welch’s
t(5.94) = −2.551, p = 0.044, and Cohen’s d ≈ 1.00 (large). This suggests a meaningful
difference, but as only five respondents to the survey form part of the taught group,
this result is indicative and not conclusive. For BIM, the effect was clear and robust,
t(40) = −3.572, p < 0.001, d = 0.78 (medium–large), with the taught group reporting higher
expertise. For Digital Twins, IoT, and VR/AR, group sizes were too small (some cells
≤ 2, zero variance), so reliable comparisons were not possible. Taken together, these
analyses suggest that formal exposure is associated with higher self-rated expertise, where
sample sizes allow robust testing (notably BIM), while early AI findings point in the same
direction but require replication with a larger cohort. However, interpretation across most
technologies is constrained by the underlying profile of low exposure and low self-rated
expertise in both industry and formal training; apart from BIM, sparse and uneven group
sizes limit the stability and detectability of any true differences. The results are summarised
in Table 5.

Table 5. Statistical analysis of technology expertise in relation to if the technology was taught within
formal education.

Technology t-Statistic (df) p-Value (Sig.) Effect Size
(Cohen’s d)

Overall Significant
Difference? Direction (Taught vs. Not)

AI −2.551 (5.940) 0.044 ≈1.00 Yes Taught > Not taught
BIM −3.572 (40) <0.001 0.78 Yes Taught > Not taught

To further explore whether self-rated expertise varies by educational attainment,
one-way ANOVAs were conducted comparing mean scores across six formal education
levels. Assumptions were checked with Levene’s test; if violated, Games–Howell post
hoc comparisons were used and Welch’s F was considered where available (though Welch
could not be computed for some outcomes due to zero variance). For AI, there were
no education-level differences, F(5, 36) = 0.576, p = 0.718, η2 = 0.074 (homogeneous vari-
ances: Levene p = 0.141). For BIM, education level mattered, F(5, 36) = 4.457, p = 0.003,
η2 = 0.382; variances were unequal (Levene p = 0.002) and Welch was unavailable due to a
zero-variance group, so interpretation relied on Games–Howell post hoc tests. For Digital
Twins, an overall effect was detected, F(5, 36) = 3.070, p = 0.021, η2 = 0.299, but no pairwise
comparisons remained significant after adjustment and strong assumption violations were
present, so this result is treated as exploratory. For VR/AR and IoT, omnibus tests were
non-significant (p = 0.063 and p = 0.095, respectively); the isolated significant pairwise
contrast for IoT (Bachelor’s (AEC) > No qualification) is therefore interpreted cautiously as
a tentative pattern rather than definitive evidence. The results are summarised in Table 6.

The one-way ANOVA indicates a substantive association between education level
and BIM expertise, with the highest proficiency concentrated among master’s-level gradu-
ates. Read alongside the planned Games–Howell contrasts, and with appropriate caution
regarding unequal variances and small subgroup sizes, this gradient is consistent with
master’s programmes articulating explicit BIM learning outcomes, embedding structured
and assessed practice, and aligning tasks with model-based delivery requirements. For AI
and other emerging technologies, the absence of consistent, statistically robust differences
across education levels reflects both limited formal coverage and a generally low base
of exposure and confidence, rather than clear evidence that education level has no effect.
Because BIM is both the most widely taught in formal education and the most mature
digital workflow in industry, the findings cohere with an education–maturity alignment
in which curricular emphasis follows the consolidation of practice. In this view, higher
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qualifications correlate mature skills into explicit outcomes, while lower qualifications
absorb them once pedagogical stability is achieved.

Table 6. Statistical analysis summary—emerging technology expertise.

Technology F-Statistic
(df1, df2) p-Value (Sig.) η2 Overall Sig.? Levene p Significant Games–Howell

Pairs (Direction)

AI 0.576 (5, 36) 0.718 0.074 No 0.141 NA

BIM 4.457 (5, 36) 0.003 0.382 Yes 0.002

Master’s (AEC) > Bachelor’s
(AEC) (p < 0.001);
Master’s (AEC) > Technical
Diploma (p = 0.010);
Master’s (AEC) > No
qualification (p < 0.001);
Bachelor’s (AEC) > No
qualification (p < 0.001);
Technical Diploma > No
qualification (p = 0.004)

Digital Twin 3.070 (5, 36) 0.021 0.299 Yes <0.001 NA (no pairwise p < 0.05)

VR/AR 2.320 (5, 36) 0.063 0.244 No 0.024 NA

IoT 2.054 (5, 35) 0.095 0.227 No 0.006 Bachelor’s (AEC) > No
qualification (p = 0.008)

The curriculum and policy implications are direct and actionable. In Australia, rela-
tively few construction professionals pursue master’s degrees (refer to Figure 2); hence, the
principal leverage point is undergraduate reform that mainstreams BIM-aligned outcomes
and assessment earlier in the programme. A practical route is to adapt master’s-level
elements into core units and capstone studios, scaffolded by staged deliverables, iterative
feedback, and alignment with industry-standard information requirements and collabo-
ration protocols. The same mechanism is transferable to emerging technologies. As AI,
Digital Twins, IoT, and VR/AR consolidate in practice, universities could progressively
translate that consolidation into explicit undergraduate learning outcomes, assessed tasks
requiring applied use rather than awareness, and integrated work-integrated learning op-
portunities. Parallel continuing professional development can supply master’s-style depth
for practitioners who do not undertake postgraduate study, thereby broadening capability
growth beyond the small postgraduate pipeline and accelerating diffusion across cohorts.
Accordingly, the results in this section could be interpreted as strongest for BIM, where
both educational and industry maturity generate a sufficient signal, and are necessarily
tentative for AI, Digital Twin, IoT, and VR/AR, where low exposure, limited training and
sparse data constrain inference and contribute to the digital capability gap this study seeks
to address.

4.2.3. Industry and Professional Training in Emerging Technology

Turning to industry and professional training within the AEC industry, engagement
with training was limited. Across the five modes, the “no” group dominated, as shown
in Figure 11: certification programmes (90% no) and simulations (86% no) were rarely
undertaken; online course (the most taken up) still had 65% no; industry events had 55% no;
and internal workshops had 50% no. This indicates that, on average, most respondents did
not receive formal training in the last 12 months, with participation concentrated among a
minority. Further to this, when survey participants were asked about their organisational
offering (Figure 12), they mirror the interview accounts of practice-embedded learning.
Survey responses indicate that mentorship/peer learning and hands-on workshops/field
exercises are the most offered modalities (often and always ≈ 37% and 35%, respectively),
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whereas tertiary-institution partnerships and immersive simulation environments are rarely
offered (never ≈ 50–54%). Taken together, these findings show a training environment
dominated by informal and locally delivered mechanisms, with relatively few opportuni-
ties for systematic, high-structure digital upskilling. This pattern suggests a supply side
gap: organisations rely on mentoring and peer learning, yet a limited pipeline of staff with
advanced digital capability constrains their effectiveness. Accordingly, inferences about
the impact of specific training modes, particularly for AI, Digital Twins, IoT and VR/AR,
are constrained by low overall participation rates and sparse coverage, and non-significant
patterns should not be over-interpreted as evidence that training is unimportant. Accord-
ingly, strengthening formal education to produce graduates who can both apply emerging
technologies and act as competent peer mentors may enhance workplace adoption of
emerging technologies.

Figure 11. Training participants completed in the previous 12 months.

Interview evidence aligns with the survey’s indication of limited participation in
structured training and a reliance on person-led upskilling. Interviewee 2 characterised
training provisions as “predominantly mentoring,” adding that “the best way is men-
toring,” because a “structured learning pathway shows what the system can do, rather
than how it works for us and the consequence of not doing it”; for heavier users, training
remains “predominantly one-on-one”. Interviewee 3 described “internal seminars” and
“technical discussions” led by “younger staff more clued up with advances in AI,” but
noted “not much really” at scale, with engagement with structured training methods “my
own initiative, not a widespread thing”. Taken together, these accounts corroborate the
survey pattern of low formal uptake and suggest that mentoring sustains foundational
capabilities, while systematic and scalable provision, such as targeted online modules
supported by structured workshops and events, is required to develop digital skills across
the wider industry. Consistent with the broader dataset, these qualitative insights should
be interpreted as indicative of current practice under conditions of low resourcing and
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uneven digital expertise, rather than as evidence that informal mentoring alone is sufficient
to meet emerging technology demands. The results are summarised in Figure 12.

Figure 12. Frequency of training offered within organisations.

4.2.4. Effect of Training on Expertise

When assessing the relationship between training type and mean overall expertise
in emerging technology, across all five training modes, respondents who undertook train-
ing reported higher overall expertise than those who did not (positive mean differences;
g ≈ 0.45–0.79). The increase was statistically significant for online courses (Welch p = 0.025;
g ≈ 0.79, medium–large). Industry events showed a borderline trend (Welch p = 0.056;
g ≈ 0.61). Simulations, certifications, and internal workshops were directionally positive
but non-significant, noting small “yes” samples for simulations (n = 6) and certifications
(n = 4). If adjusting for multiple comparisons (five tests), none remain significant at FDR
q = 0.05; given the study’s exploratory aim, the consistent positive direction and non-trivial
effect sizes are informative and are therefore reported descriptively rather than as definitive
causal effects. The results are summarised in Table 7.

Table 7. Statistical analysis of training type against mean overall emerging technology expertise.

Training Type n (No) Mean (No) n (Yes) Mean (Yes) Mean Diff
(Yes−No)

Welch p
(2-Sided) Hedges’ g

Online courses 27 0.794 15 1.253 0.459 0.025 0.79
Industry events 23 0.794 19 1.158 0.364 0.056 0.61

Simulations 36 0.896 6 1.333 0.438 0.196 0.73
Certification
programmes 38 0.922 4 1.300 0.378 0.355 0.62

Internal workshops 21 0.821 21 1.095 0.274 0.144 0.45
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Greater breadth of training was associated with higher self-rated expertise (Spearman’s
ρ = 0.435, BCa 95% CI [0.149, 0.693], p = 0.004; n = 42), suggesting that respondents
engaging in more modalities tended to report higher expertise. Item-level estimates were
compatible with this pattern: online courses were associated with higher mean ratings
(∆M ≈ 0.46; Welch p ≈ 0.025; Hedges’ g ≈ 0.79), industry events showed a positive but
imprecise association (Welch p ≈ 0.056; g ≈ 0.61), and simulations, certifications, and
internal workshops were directionally positive but underpowered. Taken together, these
estimates suggest that participation, particularly across multiple modalities and cumulative,
structured engagement with professional learning opportunities, may align with enhanced
digital capability, notwithstanding generally low training uptake in the sample.

These data must be interpreted with caution because participation in training was self-
selected, several training subgroups were very small and multiple comparisons had weak
formal statistical significance. It is also possible that the observed differences may reflect
underlying motivation or pre-existing interest, where more digitally engaged respondents
are more likely to seek training and to rate their competence highly, rather than training
alone producing the increase in expertise. The reason for the non-significant findings for
simulations, certifications and internal workshops is therefore not definitive, but may relate
to limited sample sizes, uneven access, or offerings that are not yet systematically embedded
or targeted to emerging technologies. The key finding is a demonstration of a coherent
positive training expertise gradient within the overall low-uptake environment, indicating
that accessible training modes are meaningful contributors to digital skill expertise.

Further investigation could be sought into which specific training designs (e.g., in-
tensity, sequencing, assessment, alignment with project delivery) are most effective for
different technologies and professional cohorts. These findings suggest that evidence-
informed, diverse training pathways could be treated as a central strategy to reduce the
digital capability gap in the Australian AEC sector, while underscoring the need for a more
systematic evaluation of training impacts.

4.3. Training and Education Barriers

Objective two of this research was to examine the organisational and individual
barriers to training. Building on the previous analyses, formal training is infrequently
utilised and university pathways rarely provide applied instruction in tool use; nevertheless,
both forms of exposure are associated with higher digital capabilities. Accordingly, the
next portion details the barriers to education and training.

4.3.1. Organisational Barriers

Across the sample, as shown in Figure 13, survey responses show that perceived
organisational barriers to digital training and education are led by time pressure and the
fast pace of technological change, followed by limited budgets and reluctance to release staff
for learning; access to providers and internal expertise were rated as less severe constraints.
One-way ANOVAs (Welch-corrected where applicable) detected no statistically significant
differences by organisation type (all p ≥ 0.12), and estimated effects were small–moderate,
so observed ordering should be treated as descriptive given small, unbalanced groups
and occasional zero variances. Overall, the pattern suggests that respondents experience
a lack of time and protected capacity, rather than a total absence of options, as the main
brake on upskilling. These results lead to a simple but important conclusion in this sample:
organisational conditions constrain whether digital training occurs. When projects are busy,
margins are tight, and technologies are evolving quickly, training is treated as discretionary
and easily postponed, which is consistent with broader descriptions of AEC organisations
prioritising short-term delivery over longer-term capability building. The lack of strong
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differences between organisation types suggests that these pressures are widely shared
across the sector.

Figure 13. Frequency of organisational barriers to training.

To interrogate organisational-level determinants beyond individual perceptions, we
conducted interviews with decision-makers and business leaders. Their accounts elabo-
rated on the survey-identified impediments, shifting emphasis from capability gaps to
governance, authorisation, return-on-investment (ROI) proof, and project-level constraints.

Interview evidence isolates a coherent set of organisational barriers to technology
training and adoption. Interviewee 2 emphasised managerial authorisation and economic
justification as primary constraints, noting that “the hardest thing is management ap-
proval”, followed by the need to “justify the return on investment”; limited time and
budgets intensify these hurdles, which the organisation partially mitigates through incre-
mental pilots and the occasional use of external financing such as government incentives
and R&D tax subsidies. These constraints also shape delivery choices: training must be low
disruption and brief, for example, directing staff to “go spend two hours learning how to
do something,” as longer sessions are impractical for senior field personnel, whereas early
career staff may self-study outside work. Interviewee 3 identified client governance and
legal contingencies as additional barriers that operate at the project level: implementation
depends on prior approval and site access, confidentiality and intellectual property agree-
ments restrict experimentation and post-project use, and “the client has the ultimate say
of what we do,” including permission for any publication beyond contracted reporting to
enhance further education regarding the use or results of emerging technologies. Together,
these accounts indicate that binding constraints arise less from technical capability and
more from permissions, decision rights, evidence of ROI, protected time and funding,
and contractual frameworks that limit experimentation and knowledge sharing; without
targeted solutions to these governance and resource frictions, structured training and wider
adoption are likely to remain sporadic and uneven.
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Turning to the education pipeline, interviews with academic staff indicate that barriers
to integrating new technologies in coursework arise from institutional processes, gover-
nance requirements, and limited professional development for educators. An academic
interviewee explained that software adoption is governed by departmental policy and cen-
tral IT procurement, with requests required “two months before” semester and purchased
under school-wide licences; in practice, they had “never asked for any software” and “just
used Canvas,” as compliance with university policies and assessment regulations takes
precedence. The recent “AI hype” prompted requirements to “give options to students
within the assessments” consistent with policy, yet there was “no place” within existing
processes to propose and implement new tools at short notice. Crucially, the interviewee
stated they would adopt new platforms “if the university offered training or professional
development workshops,” but such support is “not offered,” and sourcing equivalents
independently is time-consuming and outside normal responsibilities; responsibility for
any downstream issues would also rest with the individual, which further discourages
change. Taken together, the evidence suggests that curricular adoption is constrained less
by educator willingness than by governance, licencing cycles, assessment compliance, lack
of funded professional development, and workload models that do not recognise the time
required to evaluate, pilot, and safely integrate new software.

These findings should be viewed considering some limitations: barrier ratings are
self-reported, not all participants were senior decision-makers, and the qualitative sam-
ple is small. Even so, the convergence between survey data and interview accounts is
clear. Barriers to digital capability appear to stem primarily from how time, budgets,
authority, contracts, and responsibilities are organised. Without adjustments that create
protected learning time, clearer approval pathways, supported pilots, and funded profes-
sional development for both practitioners and educators, training and adoption efforts
are likely to remain patchy, regardless of individual willingness or the availability of
emerging technologies.

4.3.2. Individual Barriers

Figure 14 indicates that individual-level barriers to digital training are dominated by
time pressure and role alignment. Limited time arising from project responsibilities was
most frequently rated at the higher-severity end of the scale, suggesting that day-to-day
delivery demands directly displace opportunities for learning. A second cluster of barriers
relates to perceived suitability and capability: a lack of access to appropriate programmes,
uncertainty about whether training is relevant to one’s role, and low confidence in using
digital tools all received mid-to-high ratings, implying that individuals are more likely to
engage when training is clearly job-specific, pitched at an appropriate level, and framed
as achievable. Financial concerns and a preference for learning in the workplace rather
than external settings appeared, but with less consistent support, indicating that these
factors constrain particular subgroups rather than the entire cohort. A lack of awareness
of available training was the least frequently endorsed barrier, suggesting that the pri-
mary constraint is not information, but the capacity to take up training that is resourced,
contextually relevant, and scheduled within normal workloads.

These results indicate that individual barriers are tightly intertwined with the condi-
tions created by organisations: respondents are not rejecting digital upskilling in principle,
but are signalling that training must compete with project deadlines, be clearly worthwhile
for their current role, and feel manageable given their starting skill level. This pattern
is consistent with prior observations that adult learners favour training that is directly
applicable, time-efficient, and embedded in real work, and it aligns with earlier sections of
this study showing low overall training uptake despite generally positive attitudes toward
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technology. In this context, low confidence functions as both a barrier and a signal: without
scaffolded, role-relevant options, those who feel least capable are also those least likely
to participate.

Figure 14. Frequency of individual barriers to training.

These findings should be interpreted cautiously. Barrier ratings are self-reported and
may be influenced by social desirability or by respondents externalising constraints (“no
time,” “not relevant”). The cross-sectional design does not distinguish between genuine
structural limits, perceptions shaped by organisational culture, and individual preference.
Nevertheless, the convergence of responses suggests several practical implications: de-
signing training that is modular, targeted to specific roles, explicitly connected to project
tasks, and deliverable within normal work patterns is likely to lower individual barriers
more effectively than generic awareness-raising alone. Without such alignment, even
motivated practitioners may continue to perceive digital training as optional or poorly
timed, reinforcing the digital skills gap identified elsewhere in this research.

4.4. Graduate Preparedness and Recommendations

Objective four of this research was to present recommendations for the future design
of education and training programmes. Given the observed association between formal
educational attainment and self-reported digital expertise, the next step is to consider
how graduate readiness is assessed within the industry context, how recent graduates
experience their transition into employment, and which areas are identified as priorities for
strengthening future industry preparation.

4.4.1. AEC Sector Perceptions of Graduate Preparedness

Graduate preparedness was measured via agreement with the statement: “Gradu-
ates from educational programs are adequately prepared to meet the digital technology
demands of the AEC industry”. The mean response of the Likert scale was 5.23/10. As
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evident by the mean, this suggests there are perceived gaps between university preparation
and the digital demands encountered in practice.

A one-way ANOVA was run to test whether ratings of graduate preparedness for
the digital technology demands of the AEC industry differed across organisation types
(construction company, engineering firm, university/tertiary education, architectural firm).
The assumption of homogeneity of variances was met, Levene’s F(3, 38) = 1.56, p = 0.214,
so group variances were comparable.

The standard ANOVA showed a near-significant effect of organisation type,
F(3, 38) = 2.686, p = 0.060, with organisation type explaining about 17.5% of the vari-
ance in preparedness ratings (η2 = 0.175), which is a meaningful effect size for this sample.
Because the groups were unbalanced, the robust Welch test was also inspected; this test
indicated a statistically significant difference between organisation types, Welch’s F(3, 10.68)
= 8.783, p = 0.003, confirming that perceptions are not uniform across the sector.

Games–Howell post hoc comparisons showed that only one pair of groups differed
significantly: architectural firms rated graduates’ digital preparedness significantly lower
than construction companies (mean difference = 2.59, p = 0.003). All other pairwise compar-
isons (construction vs. engineering, construction vs. university, engineering vs. university,
engineering vs. architectural, university vs. architectural) were non-significant (all p > 0.34).
This means the overall effect is being driven mainly by architectural practices being more
critical than construction organisations. However, this is constrained due to the low level
of engagement in the architectural sector of the industry in both the survey and interviews.

This pattern suggests that dissatisfaction with graduate digital readiness is not evenly
distributed; it is strongest in design and BIM-intensive environments (typically architectural
firms), which typically expect graduates to operate immediately in model-based, coordi-
nated, visual and client-facing digital workflows. Construction companies, by contrast,
reported slightly more favourable views, implying that, with some on-boarding/training,
current graduates are workable for construction-side digital tasks.

4.4.2. Graduate and Industry Perspectives of Graduate Preparedness

From the graduate perspective, Interviewee 4’s account is representative of the grad-
uate side: core civil units “touch on broad understandings rather than learning specific
software,” so “from university experience alone, little to none. I wouldn’t be confident,”
especially because “actually navigating a model, understanding how they work, and being
familiar with the interfaces hasn’t been covered for me at uni.”. In a design role that treats
model navigation as a baseline task, this becomes a visible deficit and therefore produces
a harsher judgement of graduate readiness. The interviewee further noted that when a
tier-three builder put a model in front of him, he “didn’t really know how to navigate or
utilise it properly,” and he linked this directly to “limited provision of this knowledge in
civil engineering.”

Industry interviewees, by contrast, framed the same gap as trainees. Interviewee 2 was
explicit that, for graduates, “we expect you to not know much, we expect you to want to be
a sponge, I don’t care what software packages they’ve got, as long as they can demonstrate
a natural affinity to learn,” signalling a tolerance for partial university preparation provided
the graduate can learn fast in situ. Interviewee 4 also noted that two-thirds of staff in their
engineering practice “rely heavily” on importing architectural models and converting them
into analysis/physical test models, so they look to universities to supply graduates with
“the broader base experience. . . more likely to be adaptable to what we’re doing here.”

However, all interviews make the same structural point: AEC employees interact
through shared digital artefacts, especially BIM, so it is not sufficient for only architects
or engineers to graduate with model literacy skills. It is clear employers were relatively
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forgiving regarding specific tools; however, they still required cross-stream digital intel-
ligibility, the ability of a graduate to open, read and use models and assess datasets that
originate in another part of the AEC chain.

The university perspective helps to situate this mismatch. Interviewee 1 explained
that contemporary civil engineering and construction programmes are primarily structured
to develop “the process of thinking” and to satisfy accreditation and assessment require-
ments, rather than to provide implementation-level training in rapidly evolving software;
consequently, industry technologies will almost always appear in practice before they are
embedded in curricula. Industry expectations expressed by Interviewee 2 align with this
emphasis on higher-order capabilities. They indicated that specific software experience is
less important than how graduates think in and around technology, including their ability
to harness emerging tools such as AI, maintain control over their use, and interrogate
outputs rather than accept them uncritically. Together, these perspectives suggest that
universities and employers may be broadly aligned in seeking graduates who can think
critically with and about technology, while the key challenge is designing and adapting ed-
ucational and workplace environments that develop these capabilities alongside exposure
to current AEC digital tools.

4.4.3. Implications for AEC Education and Training

The survey results in Figure 15 (elements viewed as lacking) and Figure 16 (features
considered most likely to enhance preparedness) together are consistent with the presence
of a lag: respondents identified the largest gaps to be in applied, context-rich learning,
whether that be the application of tools in realistic project scenarios, exposure to on-site
use cases, or input from industry professionals. They identified almost the same elements
as the most effective levers for improving graduate readiness (more practical, hands-on
training during studies, greater industry collaboration, and integration of real-world case
studies). In other words, what is currently missing and what is likely to make the biggest
difference are essentially the same things: authentic tasks using current software, designed
and delivered with direct industry involvement. This convergence suggests that the issue
is not conceptual weakness in graduates but structural misalignment between university
delivery cycles and the pace and specificity of digital practice in the Australian AEC sector.

Taken together with the broader results of this study, limited formal training, uneven
exposure beyond BIM, and persistent organisational and educational barriers, these find-
ings indicate that incremental adjustments may not be sufficient. Bridging the gap between
educational provision and industry demand requires a fundamental shift in how digital ca-
pability is conceptualised and embedded within both university curricula and professional
training pathways. A narrow focus on software-specific proficiency may support immedi-
ate employability but may not adequately prepare graduates or practitioners for lifecycle
information management, interdisciplinary coordination, or data-driven decision-making.
As AI, IoT, Digital Twins, VR/AR and related technologies become more integrated into
everyday workflows, digital education may need to prioritise transferable capabilities
that can be applied across tools, platforms, and roles. Reliance on competency in a single
environment, such as BIM alone, is inadequate for developing a workforce that can adapt
to and effectively utilise the breadth of emerging technologies shaping the contemporary
AEC sector.
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Figure 15. Elements viewed as lacking in university teaching of emerging technologies.

Figure 16. Features considered most likely to enhance graduate preparedness for technology adoption.

5. Conclusions and Recommendations for Further Research
This research investigated how current education and training practices support the

development of digital capability in the AEC sector in the Australian context, with spe-
cific attention to AI, BIM, Digital Twins, VR/AR and IoT. Using a mixed-methods design
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that combined a structured survey of practitioners and students with semi-structured
interviews with industry and academic stakeholders, the study examined exposure,
self-rated capability, training participation, organisational support and perceptions of
graduate preparedness.

The findings indicate that while BIM has reached a comparatively higher level of
maturity and is increasingly embedded in both practice and curricula, capability in
other emerging technologies remains limited. Formal education and workplace train-
ing are uneven, often ad hoc, and constrained by time, cost, fragmented responsibility,
competing project demands and the rapid pace of technological change. Respondents
consistently reported concerns about the digital readiness of graduates and early ca-
reer professionals, particularly regarding integrated workflows, data literacy, and the
ability to adapt to new tools. Across both data sources, there was strong convergence
around the need for transferable, interdisciplinary digital competencies rather than narrow,
software-specific proficiency.

Collectively, the evidence is consistent with a misalignment between the pace of tech-
nological development and the current utilisation of education and training pathways to
address this pace. Without targeted intervention, this gap will continue to limit the sector’s
capacity to leverage emerging technologies at scale. In response, this research provides
statistically robust findings and actionable recommendations that address the identified
barriers and support the development of a more digitally proficient AEC workforce.

Based on the convergence of survey and interview findings, this study proposes three
pathways for strengthening emerging technology capabilities in the Australian AEC sector:
(1) curriculum reform that embeds digital workflows, particularly BIM-adjacent and AI-
supported processes, across undergraduate study rather than confining them to isolated
electives; (2) scalable industry-embedded training models that combine short, modular
online learning with mentored, project-based application to accommodate time and cost
constraints; and (3) institutional support mechanisms, including protected training time,
clearer governance pathways for technology trials, and funded professional development
for educators, to reduce structural barriers to adoption. Together, these measures pro-
vide practical recommendations for aligning education, training, and industry uptake of
emerging technologies.

Future research should extend this study using a larger and more diverse sample,
particularly with respect to organisation type, firm size and educational background, to
better capture variation in digital adoption across the AEC sector, particularly the drivers
for training and education. This paper does not intend to generalise the findings and rec-
ommends further investigations. A more representative dataset, particularly representing
vocational educational training, would enable finer-grained analysis of how practices differ
by context and qualification pathway and provide a stronger evidence base for targeted
curriculum and training design. Further work should also examine the economics of digital
adoption, including direct and indirect costs, return on investment, and funding mecha-
nisms, as cost emerged as a prominent perceived barrier. Robust evidence on strategies
to reduce implementation and training costs is likely to be critical for improving uptake.
In addition, the effectiveness of specific pedagogical approaches, such as interdisciplinary
subjects, embedded project-based learning, micro-credentials, blended delivery, and site-
integrated training, should be systematically evaluated through pilot programmes and
longitudinal designs that assess their impact on digital capability, graduate preparedness,
on-site application and retention within the AEC industry.
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