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Abstract
Digital twin (DT) technology is revolutionizing the architecture, engineering, construction, and operation (AECO) industry, driven by the 
advancements of Construction 4.0 (C4.0). Despite this, adopting DT in the AECO sector remains limited due to various barriers. This study, 
driven by four research questions (RQ), aims to advance DT adoption in the AECO industry under C4.0 using an integrated approach. The 
degrees of influence and importance ranking of barriers are assessed through the decision-making trial and evaluation laboratory 
(DEMATEL). The hierarchy and causal relationships among barriers are revealed through interpretative structural modeling (ISM). Then, 
barriers are divided into four clusters employing the cross-impact matrix multiplication applied to classification (MICMAC) method. The paper 
reveals that “lack of government financial and policy support” is the most critical barrier, “lack of trust and long-term perspective in DT” is the 
most significant direct-influence barrier, and “immature 3D engine technology” is the most fundamental barrier. By exploring 
interrelationships and prioritizing barriers, the study provides insights to enhance adopting DT in the AECO industry in the context of C4.0.

Keywords: Barriers, decision-making trial and evaluation laboratory, digital twin, interpretive structural modeling, cross-impact matrix 
multiplication applied to classification

1. Introduction
The progression of Construction 4.0 (C4.0) has given rise to a proliferation of digital technologies, among which digital twin (DT) 
stands out as the most cutting-edge advancements. C4.0 refers to the integration of advanced technologies such as automation and 
data analytics into construction processes to improve efficiency and sustainability[1], and DT is a key component of C4.0, enabling 
real-time virtual representations of physical assets. This paper analyzes the barriers to DT adoption within the context of C4.0, which 
is well-established and widely adopted, aiming to provide a comprehensive understanding of the current challenges in the DT 
adoption process. C4.0 can enhance cooperation among stakeholders by facilitating digital platforms that integrate the virtual 
versions of physical entities[2]. DT denotes a digital replica of systems, real entities, or procedures, utilizing immediate data from 
sensors or Internet of Things (IoT) devices to track and measure the immediate condition of tangible assets[3,4].

DT necessitates proficiency in diverse areas, including building information modeling (BIM), software engineering, and data science[5]. 
The DT paradigm comprises physical and digital entities and an accurate digital replica, connecting through a data connection[6]. DT 
can transfer the information of physical assets into data used for developing virtual models[7]. Integrating DT into C4.0 revolutionizes 
the interaction between tangible and digital environments, enabling instantaneous tracking and regulation of physical systems via 
virtual representations.

DT has been applied over diverse industries, encompassing manufacturing, aerospace, production, and operations management. In 
many developing countries, the architecture, engineering, construction, and operation (AECO) sector is less digitized compared with 
other sectors[8-10]. However, as an industry highly reliant on dynamic information, the AECO sector requires data to be accurate, 
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accessible, and understandable for improved energy and carbon control[11,12], lifecycle monitoring of buildings[13-15], and waste 
management[16]. Due to the rising demand for DT and its inherent digitalization impact on the AECO sector, DT presents substantial 
prospects.

Although DT can be utilized throughout a building’s entire lifecycle, many of its applications remain superficial and theoretical. To 
better promote the practical application of DT in the AECO sector, it is essential to reveal and analyze DT barriers. The paper’s novelty 
is providing a thorough analysis of barriers to DT adoption in the AECO industry, utilizing an integrated approach of decision-making 
trial and evaluation laboratory (DEMATEL), interpretative structural modeling (ISM), and cross-impact matrix multiplication applied to 
classification (MICMAC). The paper adopts the DEMATEL method to quantify the barriers and their interrelationships across three 
dimensions, employs the ISM approach to reveal hierarchical relationships and correlation paths, and utilizes MICMAC analysis to 
divide the barriers into four clusters according to the varying degrees of driving and dependency power. The study’s findings offer 
critical insights and actionable recommendations, pioneering a framework to overcome industry-specific challenges and facilitate DT 
adoption. The research questions (RQ) listed below directed this study:

RQ1: What are the barriers to adopting DT within the AECO industry?

RQ2: Which barriers are the most important and should be prioritized to solve?

RQ3: How do the barriers interact and influence each other?

RQ4: How to address the barriers to promoting DT in the context of C4.0?

2. Literature Review
2.1 Applications of DT in the era of C4.0
The promotion of Industry 4.0 has significantly increased the popularity and utilization of DT in the AECO industry. C4.0 requires the 
construction industry to evolve towards digitalization and automation in production processes[17]. As the AECO industry increasingly 
prioritizes efficiency and competitiveness, the utilization of DT has become more prevalent[18], with its application being extensively 
studied over construction projects’ life cycle.

DT has the capability to identify potential issues, optimize designs, simulate construction processes, and monitor building 
performance throughout their lifecycle[3]. Additionally, DT can evaluate various construction methods and forecast their impact on 
structural performance, energy usage, and sustainability[19]. Employing DT on construction sites can enhance workers’ productivity, 
safety, and health levels, while optimizing efficiency through the monitoring and diagnosis of asset conditions[20].

Existing research has also stressed the importance of adopting DT in the AECO sector. Boje et al.[21] emphasized the importance of an 
intelligent DT with comprehensive, scalable semantics and highlighted the need to understand the physical world to achieve smart 
and efficient construction practices. Pan and Zhang[22] integrated data mining, IoT, and BIM to model worker collaboration and 
working processes, subsequently optimizing schedules via adjusting task assignments and staffing based on evolving site conditions. 
Wang et al.[23] generated a DT system through virtual reality facilitating collaborative human-robot construction work, integrating 
visualization, task planning, execution, and communication, validated through a drywall installation case study. DT technology in the 
AECO sector demonstrates significant potential by enhancing design, construction processes, and maintenance through advanced 
data integration, predictive modeling, and real-time monitoring.

2.2 Relevant research in analyzing barriers to DT adoption
There is a growing requirement to examine barriers to adopting DT to overcome the complexities of integrating this transformative 
technology into various industries. Mohandes[20] analyzed the importance of barriers impeding DT implementation using the 
methodologies of Ginni’s coefficient of mean difference, mean ratings, and ranking analysis. Saporiti et al.[24] utilized a Delphi method 
involving experts from both academia and industry to map the key challenges and propose countermeasures for implementing DT in 
manufacturing. Weil et al.[25] carried out a literature review to determine and categorize key challenges in implementing DT, 
highlighting issues such as interoperability, data quality, and governance. Deepu and Ravi[26] utilized a Grey-based DEMATEL to model 
key elements for adopting DT and physical internet, finding top management commitment and comprehensive planning as the 
factors with the highest impactability.

While there is a pressing demand for analyzing barriers to DT applications, there is limited analysis of such barriers within the AECO 
industry. Moreover, the methodologies adopted in previous studies are not comprehensive, often concentrating on singular aspects 
such as the significance of barriers. The lack of integrated causal relationships and hierarchical structures hinders a clear and 
systematic understanding of interdependencies among barriers in complex systems. Therefore, this paper aims to advance adopting 
DT in the AECO industry by analyzing the interrelationship, importance, and influential ability of barriers.
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3. Methodology
To achieve the proposed research aim, an integrated approach including DEMATEL, ISM, and MICMAC methods is adopted. Firstly, a 
systematic review was conducted to identify DT barriers, followed by expert interviews to validate these barriers. After that, data is 
collected by distributing questionnaires to experts in the relevant field. The DT adopted in this paper refers to the digital twin 
technology implemented under the framework of C4.0, encompassing both mechanical and management applications in new and 
existing buildings, including residential and infrastructure projects. The nine survey respondents all have a background in DT 
implementation within the AECO industry and possess extensive knowledge of DT. The experts’ information is shown in Table S1. The 
data is subsequently utilized for barrier analysis through the DEMATEL, ISM, and MICMAC analysis. The research workflow is 
demonstrated in Figure 1.

Figure 1. Framework of the research process. DEMATEL: decision-making trial and evaluation laboratory; ISM: interpretative structural modeling; MICMAC: cross-impact 

matrix multiplication applied to classification.

The overall context of the paper is C4.0, which aims to transform traditional construction processes through digitalization and 
automation. Some well-known technologies adopted in the AECO industry are part of C4.0, such as DT, big data, the Internet of 
Things, and remote sensing[27]. Among these, DT attracts the most attention as it encompasses a wide range of other digital 
technologies. During the semi-structured interviews and surveys, the experts and respondents were informed about the full context 
of C4.0. Both the discussion and the Likert-scale survey reflected the overall background of C4.0.

3.1 Barriers identification
The technology-organization-environment framework is adopted in this paper for barrier identification from three perspectives: 
technology, organization, and environment. This framework is suitable for analyzing barriers that impact adopting emerging 
technologies[28,29]. After identifying barriers through a systematic literature review, expert interviews were conducted to validate and 
provide feedback on the identified barriers[30]. A key characteristic of AECO projects is their custom, non-standardized nature. In 
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contrast to manufacturing sectors like aviation and automotive, which benefit from mass production and standardization, AECO 
projects are typically tailored to specific needs, with each project having its own unique set of requirements. Consequently, 
technologies like DT, which depend on standardized data and processes, encounter considerable challenges in the AECO industry[31]. 
The slower adoption of DT in AECO, compared to manufacturing sectors, is largely due to the industry’s inherent complexity, the 
project-specific nature of construction, and the absence of standardized, repeatable processes that are common in other industries. 
The barriers were subsequently revised based on the experts’ comments. All the barriers identified and analyzed are summarized in 
Table 1.

Table 1. Barriers that hinder the adoption of DT in the AECO industry.

Category Number Barrier References

X1 Lack of industrial guidelines and data standards [18,31-40]

X2 Lack of government financial and policy support [34,35,41-44]

X3 Lack of experts in the DT field [4,18,34,35,37,40,42,44-46]

Environment

X4 Unclear understanding and requirements of DT [33,38,47]

X5 Lack of organizational strategies and leadership on DT [18,31,34,35,40,44,48,49]

X6 Lack of trust and long-term perspective in DT [4,18,33,35,36,40,42,48]

X7 High investment with an uncertain rate of return [4,18,32,34,36,40-42,46,49-51]

Organization

X8 Slow culture change (Existing processes and institutions do not apply to DT) [18,34,35,38,40,41,44,46,48,51]

X9 High requirements on data itself and data management [4,18,31-34,36-42,44,46,48,50,52-57]

X10 Immature application scenarios of DT Experts input

X11 Immature 3D engine technology Experts input; [58,59]

X12 Mismatching of IoT devices and DT Experts input; [60]

X13 High accuracy and validation requirement of DT models [37,39,55]

X14 Hard to realize real-time and bidirectional communication between virtual 

and physical objects

[4,37,55,60]

X15 Difficulty in compatibility and interoperability of different technologies and 

models

[4,18,36,37,42,46,50,55]

X16 Insufficient adoption of (information technology) IT infrastructure [33,40,42,44-46,49]

Technology

X17 Difficult to choose a proper platform, and software and hardware [4,37,48]

DT: digital twin; AECO: architecture, engineering, construction, and operation.

3.2 DEMATEL-ISM-MICMAC approach
This paper innovatively adopts the integrated DEMATEL-ISM-MICMAC approach for DT barrier analysis. DEMATEL is a useful 
matrix-based mathematical method for determining how various barriers in a complicated system are interconnected[57]. ISM serves 
as a simulation and classification tool by converting usable data, detailing individual variables, delineating inter-variable 
relationships, and elucidating the rationale behind each connection[62,63]. The MICMAC approach divides barriers into four categories 
following the driving and dependence power[64], allowing for a deeper insight into the system[65]. In analyzing DT barriers, DEMATEL 
identifies and quantifies relationships, ISM structures and layers them, and MICMAC classifies them into different clusters. The 
integrated DEMATEL-ISM-MICMAC approach is a progressive process that deepens analysis step by step, aiding in systematically 
understanding and solving complex problems. Together, this integration provides a holistic understanding of dynamic interactions 
and structural relationships, making it effective for addressing the multifaceted challenges of adopting DT in the AECO industry.

DEMATEL, ISM, and MICMAC methods have demonstrated their effectiveness as powerful tools for capturing intricate relationships 
within a system. However, when utilized individually, each method emphasizes specific aspects and difficult to offer a comprehensive 
analysis of the influencing barriers within a complex system. The integrated approach overcomes the limitations of each method and 
enhances objectivity, comprehensiveness, and consistency in analyzing the influence and degree of interrelation among barriers[66]. 
Compared with other traditional approaches that focus on ranking or decision-making, such as the analytical hierarchy process and 
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the technique for order preference by similarity to ideal solution, this integrated approach provides a more comprehensive analysis 
by exploring causal relationships, structural hierarchies, and dependency-priority mapping. Given the complementary and 
synergistic function of the DEMATEL, ISM, and MICMAC methods, this paper adopts the integrated approach for barrier analysis.

3.3 Data collection
After the identification of barriers, industry experts who have the relevant DT experience were invited to validate and score each 
barrier’s degree of influence on other barriers in a 17 × 17 matrix-style questionnaire. The experts were requested to assess the 
degree of interaction between each of the two barriers through a four-level Likert scale ranging from 0 to 3. A score of “0” indicates 
the two barriers have no direct relation, “1” denotes a weak relation, “2” represents a general relation, and “3” signifies a strong 
relation. Following the collection of data, Section 3.4 provides detailed data analysis process.

3.4 Data analysis techniques
In total, there are 12 steps for the DEMATEL-ISM-MICMAC analysis. Table 2 presents the specific calculation steps along with 
corresponding equations. Further elaboration on the methods and detailed explanations for each step of model establishment are 
provided in the subsequent paragraphs. The results for each intermediate step are shown in Table S2,S3,S4,S5,S6.

Table 2. Steps and equations for data analysis.

Steps Eq. No.

Calculate the direct-influence matrix X (Table S2) (1)

Calculate the normalized matrix N (Table S3) (2)

Calculate the comprehensive influence matrix T (Table S4) (3)

(4)

(5)

(6)

Calculate influence degree, influenced degree, centrality, and 

causality

(7)

Calculate the global influence matrix H (Table S5) (8)

Calculate the reachability matrix R (Table S6) (9)

The intersection of the reachability set and antecedent set (10)

(11)MICMAC analysis

(12)

MICMAC: cross-impact matrix multiplication applied to classification.

The value of Xij in matrix X is settled by calculating the collected average scores and then adjusted using Eq. (1). The normalized matrix 
N is determined via normalizing matrix X, as Eq. (2) shows. Matrix N equals matrix X divided by the maximum row sum of matrix X. 
Matrix T is calculated utilizing Eq. (3), where “I” represents the unit matrix. Matrix T can show both the direct and indirect 
relationship, whereas matrix X exclusively reflects the direct impact degree among barriers[67,68].

The influence degree, influenced degree, centrality, and causality are determined through matrix T. The influence degree of barrier i 
is represented by ei, which equals the sum of row i, as Eq. (4) shows. The influenced degree of barrier i is expressed by fi, the 
calculation of which is shown in Eq. (5). The influenced degree represents to what extent other barriers can impact the barrier. The 
centrality of barrier i is represented by ci, which is calculated by adding the value of influence and influenced degree, as Eq. (6) shows. 
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As shown in Eq. (7), the value of the influenced degree is subtracted from the influence degree to determine the causality of barrier i, 
represented by ri. If the value of ri exceeds 0, the barrier acts as the cause barrier. Conversely, if the value of ri is below 0, the barrier 
serves as the result barrier. Matrix T takes the influence of other barriers into consideration instead of the barrier itself. Therefore, 
the global influence matrix H should be calculated based on the unit matrix and matrix T, as Eq. (8) shows.

The reachability matrix R can be converted from matrix H based on a threshold, λ, using Eq. (9). When the influence degree of a given 
barrier surpasses the predefined threshold, it signifies that the barrier possesses the capacity to directly influence other barriers. 
Conversely, if the influence degree remains below the threshold, the barrier is unable to exert a direct impact on other barriers. The 
threshold in the study is 0.15, which is determined by test results, actual simulations, and consulting experts[66,69-71]. The reachability 
set, denoted as R(Si), encompasses the barrier itself and those barriers influenced by it. The antecedent set, labeled as A(Si), includes 
the barrier itself and other barriers that can have an imapct on it. If the intersection of these two sets matches R(Si), as illustrated in 
Eq. (10), the barrier common to the intersection is classified within this level and eliminated from R(Si) when establishing the 
subsequent level[72]. The final step is the MICMAC analysis. By aggregating the count of rows within matrix R, the driving power of 
barriers can be determined, as depicted in Eq. (11). Similarly, the dependency power is calculated by summing the count of columns 
within matrix R, as shown in Eq. (12).

4. Results
4.1 Results of DEMATEL analysis
Table 3 demonstrates the influence degree, influenced degree, centrality, and causality of the 17 barriers. The causality and centrality 
can be determined by aggregating or subtracting the influenced and influence degrees. The ranking of centrality represents the 
importance of barriers from high to low.

Table 3. Influence degree, influenced degree, centrality, and causality.

Barrier Influence degree Influenced degree Centrality Causality Ranking by centrality

X1 3.158 3.228 6.385 -0.070 3

X2 3.280 3.340 6.620 -0.060 1

X3 3.189 2.999 6.187 0.190 4

X4 3.721 2.861 6.581 0.860 2

X5 2.267 3.466 5.733 -1.200 7

X6 1.564 3.594 5.157 -2.030 13

X7 2.075 3.472 5.547 -1.397 9

X8 1.743 2.929 4.672 -1.185 17

X9 2.313 2.489 4.801 -0.176 16

X10 3.232 2.608 5.840 0.625 5

X11 3.339 1.712 5.050 1.627 14

X12 2.990 2.265 5.255 0.725 11

X13 2.510 2.679 5.189 -0.169 12

X14 3.247 2.387 5.633 0.860 8

X15 3.157 2.658 5.815 0.499 6

X16 3.042 2.444 5.486 0.598 10

X17 2.610 2.305 4.915 0.304 15

The overall impact that a barrier can exert on other barriers is called its influence degree. According to Table 3, the top five 
high-influence barriers are X2, X4, X10, X11, and X14, all of which are categorized as environmental or technological barriers. Among 
these barriers, X4 is expected to have the most significant influence on other barriers, with a degree of influence measuring 3.721. 
This is because unclear understanding and undefined requirements for DT serve as a foundational issue that cascades into other 
barriers. For instance, if the requirements for DT are not well defined, it becomes challenging to develop appropriate application 
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scenarios or advance key technologies such as 3D engine technology and real-time communication systems. The lack of clear 
government support and policies also exacerbates these challenges, as it hinders the creation of the necessary infrastructure and 
regulations to address the other technological barriers. Therefore, X4 is particularly influential, as resolving its uncertainties can 
positively impact the development of these interconnected barriers.

The combined influencing ability of other barriers is referred to as the influenced degree of this barrier. X1, X2, X5, X6, and X7 are the 
barriers particularly susceptible to being influenced by other barriers, all falling within the realm of environmental or organizational 
barriers. X6 is the barrier most prone to being influenced by other barriers, with a degree of influence measured at 3.594. These five 
barriers are particularly susceptible to being influenced by other barriers because they fall within the environmental or 
organizational realms, which are interconnected with external factors such as technological advancements, policy changes, and 
shifts in stakeholder perspectives. These barriers are influenced by changes in the development of DT technologies, regulatory 
frameworks, and industry trends. For example, as DT technologies become more mature and gain wider acceptance, barriers like the 
lack of industrial guidelines or government support can be mitigated. Similarly, improvements in technological capabilities or 
external policies can lead to more effective organizational strategies and build trust in DT, as stakeholders see tangible results. 
Among them, X6 is the most prone to influence, as trust in DT and long-term perspectives are directly shaped by the success of DT 
adoption and external support, making this barrier especially sensitive to changes in other areas.

Centrality represents the overall importance of a factor within the system, calculated as the sum of its “influence degree” and 
“influenced degree”. A higher centrality value indicates that the factor is highly interactive, acting as both an influencer and a 
receiver of influence, making it critical in the network. Causality, on the other hand, is the difference between the “influence degree” 
and “influenced degree” and highlights the directional role of a factor. Positive causality values indicate that the factor primarily acts 
as a cause, exerting influence on others, while negative values show that it functions more as an effect, being influenced by others. 
These indicators provide insights into the dynamics of the system, helping to identify key drivers and outcomes. Among the 17 
barriers, X3, X4, X10, X11, X12, X14, X15, X16, and X17 are cause barriers, as their causality values exceed zero. The rest of the barriers are 
result barriers as their causality values are below zero. Figure 2 illustrates the cause-effect diagram, with causality values represented 
on the vertical axis and centrality values on the horizontal axis. X11 has the highest causality, indicating the most robust influencing 
ability among all the barriers. X6 has the lowest causality, making it the most easily affected barrier. Barriers with higher centrality 
values hold greater significance within the system. X2 is the most crucial barrier hindering DT adoption, with a centrality of 6.620. The 
top four most important barriers all belong to environmental barriers, namely X1, X2, X3, and X4, all belong to environmental barriers.

Figure 2. Cause-result diagram.

4.2 Results of ISM analysis
The reachable and antecedent sets (Table S7) are determined through the reachability matrix R. Subsequently, a hierarchical 
structure model is developed to illustrate the interconnections and hierarchy among the barriers, as depicted in Figure 3. The 17 
barriers are classified into three categories: direct-influence, fundamental, and intermediate-influence barriers. Barriers in Levels 1 
and 2 are the direct-influence barriers. Barriers in Levels 3 and 4 are the intermediate-influence barriers. Barriers in Levels 5 and 6 
are the fundamental barriers.
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Figure 3. Hierarchical structure model.

The direct-influence barriers can directly influence adopting DT in the AECO sector. X1, X2, X3, X5, X6, X7, and X8 represent the 
direct-influence barriers, all categorized under either environmental or organizational barriers. X6 has the potential to directly 
influence DT adoption as it occupies the highest level in the hierarchy structure. The hierarchy model shows that X7 can directly 
influence X6, validating experts’ opinions that the rate of return of DT projects are the primary problem. Uncertain rate of returns may 
lead to insufficient client’s trust in DT.

The fundamental barriers, located in Levels 5 and 6, can significantly influence the barriers at other levels. X11, X12, and X14 are the 
fundamental barriers, all belonging to technological barriers. In the hierarchy model, X11 is the fundamental barrier located in the 
lowest level, indicating that it is the root barrier and has the strongest influence ability on adopting DT among all 17 barriers. The 
intermediate-influence barriers serve as the linkage between the direct-influence and fundamental barriers. The direct-influence 
barriers can be impacted by the fundamental barriers via the intermediate-influence barriers located in the middle level, Levels 3 and 
4. The intermediate-influence barriers include X4, X9, X10, X13, X15, X16, and X17.

4.3 Results of MICMAC analysis
The DEMATEL analysis quantifies the causal relationships and the significance of barriers. ISM reveals the hierarchical relationships 
and interaction patterns of the barriers within the system. Building on the DEMATEL and ISM analysis, MICMAC classifies barriers into 
four categories via different driving and dependence degrees: driving, autonomous, linkage, and dependent clusters, allowing for 
systematic identification and understanding of the influence and dependency of each barrier within the system. MICMAC analysis can 
identify key barriers, assess their interdependencies, and prioritize strategic actions, facilitating more informed decision-making 
processes. Figure 4 reveals the four distinct clusters identified through MICMAC analysis.

Figure 4. Driving-dependence diagram.
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The barriers located in the autonomous cluster are considered to be excluded from the system. In this research, no barriers belong to 
the autonomous cluster, which means all barriers are interconnected and influence the system. X5, X6, X7, X8, X9, and X13, are the 
dependent barriers located in the dependent cluster, which are easily impacted by other barriers. The driving barriers include X11, 
X12, and X14, all of which are technological barriers. The driving barriers, characterized by low dependency and high driving power, 
are crucial as they significantly influence other variables and are essential for barrier control. The barriers in the driving cluster have 
a better-influencing ability on other barriers. In terms of the linkage barriers, any slight modification to the linkage barriers can 
influence other barriers in the system. The study identified linkage barriers as X1, X2, X3, X4, X10, X15, X16, and X17.

5. Discussion
This research promotes DT adoption in the AECO industry by analyzing barriers using the DEMATEL-ISM-MICMAC approach, offering 
practical recommendations to improve adoption rates. The primary findings of the paper include identifying and prioritizing DT 
barriers, revealing their interrelationships, and providing recommendations for their resolution or mitigation. The study shows that 
“X2 - lack of government financial and policy support”, “X4 - unclear understanding and requirement of DT”, and “X1 - lack of 
industrial guidelines and data standards” are the three most critical barriers impeding DT adoption, all belong to the organizational 
level. All three barriers are categorized into the linkage cluster as determined by the MICMAC analysis. These three barriers and the 
corresponding mitigation strategies are analyzed below.

Barrier “X2 - Lack of government financial and policy support”. Prioritizing the improvement of funding and policy support is 
important due to the highest centrality of this barrier. The government’s policy and economic backing can promote companies to 
invest more in DT projects with fewer concerns. This finding corresponds with several previous studies. Hazarika and Zhang[73] stated 
that policies can have a notable impact on adopting new technologies. Arowoiya et al.[74] concluded that subsidies are necessary for 
promoting DT for the AECO companies. To tackle this issue, proactive steps could be adopted involving advocating for financial 
incentives like tax breaks and subsidies, alongside fostering partnerships between the government and industry to develop 
supportive policies. Additionally, raising awareness about DT’s potential economic benefits can help secure stronger government 
backing and encourage increased investment in DT technology.

Barrier “X4 - Unclear understanding and requirement of DT”. Owners, contractors, and designers may lack a clear perception of the 
advantages and objectives of DT, resulting in unclear requirements and understanding of its implementation. Some people confuse 
the concept of DT with BIM[75,76]. BIM is a virtual replica of an asset, while DT is more than just a digital portrayal of the physical 
systems since it can indicate the current status of physical assets in real-time[77]. To overcome this barrier, it is essential to provide 
stakeholders with training on DT. Efforts should emphasize how DT offers real-time insights into asset performance, contrasting with 
BIM’s static representations.

Barrier “X1 - Lack of industrial guidelines and data standards”. The format of DT data can be diverse, and a standard approach 
throughout the life cycle of DT projects is necessary[34,40]. As industry standards continue to improve, an increasing number of DT 
projects will also achieve success. Therefore, it is necessary to develop and enhance industry guidelines and data standards 
specifically tailored to DT projects in the AECO industry, thereby fostering consistency and success across diverse projects.

The study findings also identified fundamental barriers and direct-influence barriers, while revealing the hierarchical structure 
among them. The most fundamental barriers are “X11 - immature 3D engine technology”, “X12 - mismatching of IoT devices and DT”, 
and “X14 - hard to realize real-time and bidirectional communication between virtual and physical objects”, all belonging to the 
technological level. All three fundamental barriers are categorized into the driving factors cluster based on the MICMAC analysis. In 
addition, the direct-influence barrier that can impact DT adoption is “X6 - Lack of trust and long-term perspective in DT”, belonging 
to the dependent cluster. Solving this issue can directly improve the acceptance rate of DT in the AECO sector. These four barriers 
and their corresponding mitigation strategies are discussed below.

Barrier “X11 - Immature 3D engine technology” is located at the lowest level of the hierarchy model, which means that immature 3D 
engine technology is the most fundamental barrier and needs to be solved first. A 3D engine is utilized to create the visual component 
of DT, facilitating the development of user-friendly interfaces. Simulation is the most intrinsic driving force of developing DT in the 
AECO industry[78,79], but 3D engine technology is still a critical enabler, providing the necessary visual representation and data 
integration that enhances the effectiveness of simulations. Although DT does not entirely rely on 3D engine technology and several 
other technologies can be adopted by DT[80], the immaturity of 3D engine technology still appears to be a significant barrier hindering 
the development of DT. VanDerHorn and Mahadevan[59] concluded that 3D engine technology-driven visualization can enhance DT 
implementation by providing decision-makers with clear data insights. According to the experts, the expense and technical 
requirements for 3D engine technology are high. Besides, each 3D engine platform has different strengths and weaknesses, and it is 
difficult to have one platform to integrate all the advantages. There are some methods to improve the 3D engine technology, such as 
adopting more powerful processors and graphics processing units to improve the interaction effects. Collaboration between industry 
stakeholders and technology developers can help identify and address technical challenges while working toward standardization to 
mitigate compatibility issues. Additionally, investing in training programs about utilizing existing 3D engine platforms can optimize 
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their effectiveness in creating user-friendly interfaces for DT.

Barrier “X12 - Mismatching of IoT devices and DT”. The use of DT relies on the integration of several technologies[81], including IoT for 
real-time data collection. The underdevelopment of IoT devices leads to the low latency of digital objectives responding to physical 
assets[82]. This validates the relationship between “X12 - mismatching of IoT devices and DT” and “X14 - hard to realize real-time and 
bidirectional communication between virtual and physical objects”. This finding corresponds with Lawal and Rafsanjani[82] statement 
that sometimes DT tools may not be compatible with sensors or IoT devices. Integrating C4.0 technologies together is crucial for 
maximizing the efficiency of DT utilization[84]. To overcome the obstacle, prioritizing the development and integration of IoT 
technologies is essential. This enables real-time data collection and bidirectional communication among digital and physical assets, 
promoting compatibility and minimizing latency issues.

Barrier “X14 - Hard to realize real-time and bidirectional communication between virtual and physical objects”. According to the 
interviewed experts, DT collects physical data and displays models on virtual platforms. Automated analysis of DT models facilitates 
real-time alerts and control over physical assets, including equipment switching and fire protection measures. This aligns with the 
research conducted by Segovia and Garcia-Alfaro[56], which highlighted the unidirectional connection between DT and physical 
assets. They emphasized the importance for bidirectional data to control physical assets based on digital data. There are many 
aspects that need to be improved to promote real-time and bidirectional communication, such as the high precision of DT model, 
real-time data acquisition, and decision-making algorithms. To address this issue, implementing edge computing can enhance 
processing efficiency and enable faster decision-making. Robust cybersecurity measures will protect the integrity and security of 
bidirectional data exchange, ensuring reliable control over physical assets based on virtual data.

Barrier “X6 - Lack of trust and long-term perspective in DT” can hinder the adoption of DT technology, as stakeholders may doubt its 
reliability and its potential to provide a sufficient rate of return attributed to insufficient successful case studies and the technology’s 
nascent stage in the AECO industry. To sole this problem, it is necessary to showcase successful pilot projects, provide transparent 
performance data, and emphasize long-term benefits to build trust and demonstrate the technology’s viability. To ensure data 
reliability and trust in DT-based smart systems, organizations must meet client requirements, integrate secure architectures, and 
continually improve, with smart contract-based systems enhancing data security, privacy, and trust[85]. In addition, the government 
should provide incentives or subsidies to companies that adopt DT. This suggestion aligns with addressing barrier “X2 - Lack of 
government financial and policy support”, highlighting the mutual influence of these two barriers.

In general, this study provides a systematic framework to understand the barriers to the adoption of DT technology in the AECO 
industry within the context of C4.0. By integrating the DEMATEL, ISM, and MICMAC methods, the research uncovers the hierarchical 
relationships and causal connections among various barriers, quantifying their influence and significance. This paper provides a 
comprehensive analysis of the interrelationships between barriers, identifying the most critical, direct-influence, and fundamental 
obstacles to DT adoption. This research fills gaps in existing literature, advancing the development of DT adoption theories and 
providing valuable academic support for the digital transformation of the AECO industry under C4.0.

The research findings also provide managerial recommendations for AECO practitioners aiming to promote the adoption of DT. 
Resolving the lack of government policy and financial support should be prioritized. In addition, addressing issues such as unclear 
understanding and requirements of DT, and the absence of industrial guidelines and data standards are crucial. Prioritizing 
improvements in funding, policy incentives, tax reduction, education related to DT, and establishing industry standards are 
recommended for overcoming these barriers. At the technological level, resolving challenges related to immature 3D engine 
technology, mismatching of IoT devices and DT, and achieving real-time bidirectional communication between virtual and physical 
objects is imperative. Adopting more powerful processors and graphics processing units to improve the interaction effects, 
accelerating IoT device development, and improving the precision of DT models, real-time data acquisition, and decision-making 
algorithms will help to overcome these barriers.

6. Conclusions
This paper thoroughly analyzes the barriers impeding the integration of DT in the AECO sector under the context of C4.0 using the 
combined methods of DEMATEL, ISM, and MICMAC. The study identifies that “lack of government financial and policy support” is the 
most critical barrier to implementing DT in the AECO industry, due to insufficient incentives for high-cost, uncertain-return 
investments. Additionally, “lack of trust and long-term perspective in DT” is the most significant direct-influence barrier, driven by 
concerns over reliability, security, and alignment with long-term goals. Furthermore, the research highlights that the most 
fundamental barrier requiring immediate attention is the immaturity of 3D engine technology, which serves as a critical enabler for 
DT implementation. By addressing these barriers, the study provides actionable insights to prioritize efforts for advancing DT 
adoption in the AECO industry. Meanwhile, the paper uncovers the hierarchical relationships and interconnectedness among the 
identified barriers to DT adoption through a comprehensive hierarchy model. This model not only clarifies the influence pathways 
between barriers but also provides a basis for prioritizing solutions. By leveraging the insights and recommendations provided, 
industry practitioners can develop further strategies to enhance the integration of DT under C4.0 within the AECO industry.
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However, there are certain limitations of the research. The investigation, conducted in China with experts from Chinese construction 
companies, may lead to results applicable only to the Chinese context. Given that the evolution of DT in China’s AECO sector is in its 
initial phase and there is a shortage of experts, future research should explore different countries to provide a broader perspective. In 
addition, the dynamic nature and fast development speed of DT technology means that identified barriers may change over time. To 
address this, continuous monitoring and updating of barriers alongside periodic follow-up studies are essential. Future studies could 
develop a flexible framework for barrier analysis to ensure the research remains reflective of the evolving technological landscape. 
Additionally, in future research, the exploration of maturity evaluation systems for DT technology, particularly in the AECO sector, can 
be expanded to help identify and overcome implementation barriers. Additionally, bibliometric analysis tools such as VOSviewer, 
CiteSpace, and Gephi can be utilized to objectively analyze the academic dynamics of DT, providing deeper insights into citation 
relationships, collaboration networks, and keyword co-occurrence. The integration of these methods will enhance the understanding 
of DT technology development and offer data-driven support for future studies.
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