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Abstract: This research examines the preparedness of individuals in Indonesia’s green building sector to utilise digital construction technologies, including Internet of Things (IoT), building information modelling (BIM), and artificial intelligence (AI). The objective is to enhance energy conservation and efficiency. The research integrates Unified Theory of Acceptance and Use of Technology (UTAUT2) and Task-Technology Fit (TTF) to develop a model that assesses the readiness of green construction teams to implement digital tools to enhance energy performance. 

The Partial Least Squares Structural Equation Modelling (PLS-SEM) approach is employed to determine reliability, validity, and structural correlations. The final model accounts for 93.0% of the variance in behavioural intention (BI), 34.4% in use behaviour (UB), and 44.2% in performance expectancy (PE). BI is a robust predictor of actual usage (β = 0.586, p < 0.001). Social influence (SI) (β = 1.037, p < 0.001), perceived value (PV) (β = 1.300, p

< 0.001), PE (β = 0.181, p = 0.0049), and habit (HB) (β = 0.283, p = 0.047) all positively affect BI. Conversely, facilitating situations exert a significant negative impact (β = -1.584, p < 0.001). When individuals excessively rely on organisational assistance, they diminish their intrinsic motivation. TTF is a significant predictor of PE (β =

0.665, p < 0.001); however, it does not directly influence BI. The integration of technology into tasks is primarily driven by individuals’ perceptions of its performance advantages rather than by direct adoption. This study focuses on the unique requirements of green-construction processes, in which digital technologies contribute to reducing energy consumption, an approach notably different from prior UTAUT2 + TTF studies. The research presents a model illustrating how task alignment, performance perceptions, and the evaluation of costs against benefits influence individuals’ readiness to adopt digital technology in green building project initiatives. 
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Digitalisation has become an important driver of energy efficiency and resource optimisation in green building projects [1–3]. Technologies such as the Internet of Things (IoT), Building Information Modelling (BIM), and artificial intelligence (AI) enable real-time monitoring of energy consumption, automation of building systems, and improved operational performance in sustainable construction [4–7]. Previous studies indicate that these digital technologies can significantly enhance environmental performance and reduce energy waste through data-driven decision-making [8–10]. 

Despite these technological advances, the successful implementation of digital systems in construction projects remains strongly dependent on the readiness of the construction workforce [11–14]. The adoption of IoT-based monitoring systems, BIM-supported planning, and AI-driven analysis requires workers to understand digital processes and integrate them into daily construction activities. However, many construction organisations continue to face
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challenges related to limited digital literacy, resistance to technological change, and insufficient training. These challenges are particularly evident in developing countries, where the integration of digital construction technologies is still evolving. 

In Indonesia, the government has introduced national initiatives, such as the ASTACITA programme, to strengthen workforce capacity to respond to the Industry 4.0 transformation [15]. Within the construction sector, this transformation includes the increasing integration of digital technologies in green building projects to improve energy conservation and environmental performance. Nevertheless, empirical evidence regarding the behavioural readiness of construction professionals to adopt these technologies remains limited. 

Existing research on digital technology adoption frequently applies models such as the Unified Theory of Acceptance and Use of Technology (UTAUT2) and Task–Technology Fit (TTF). UTAUT2 focuses on behavioural, social, and psychological factors influencing technology adoption, while TTF emphasises the alignment between technological capabilities and task requirements [16, 17]. Although these models have been widely used in technology adoption studies, their application in sustainability-oriented construction projects remains relatively limited. In particular, few studies have examined how integrating digital technologies supports energy efficiency and resource conservation in green building projects [18, 19]. 

Furthermore, previous studies tend to emphasise the technical capabilities of digital technologies rather than the behavioural and cognitive responses of construction workers who interact with these systems. In practice, technology adoption is not determined solely by technical competence but also by how individuals perceive the usefulness, risks, and compatibility of digital tools within their work processes [20, 21]. 

To address these gaps, this study develops an integrated framework combining UTAUT2, TTF, and perceived risk (PR) to analyse the behavioural readiness of construction professionals in adopting digital technologies in green building projects [20, 21]. The model is applied to examine how task–technology alignment, perceived performance benefits, social influences (SI), and risk perceptions shape individuals’ intentions and actual behaviour in using digital construction systems such as IoT, BIM, and AI [22]. 

By focusing on the human dimension of digital transformation in green construction, this study contributes to the literature in three ways [23, 24]. First, it extends digital technology adoption research by integrating sustainability considerations within the UTAUT2–TTF framework. Second, it provides empirical evidence on the behavioural readiness of the Indonesian construction workforce in adopting digital technologies for energy-efficient building projects. Third, the study offers practical insights for policymakers and construction managers in designing strategies that enhance workforce readiness for digital transformation in green construction. 

2 Literature Review

Project building stakeholders are beginning to recognise how digital technologies such as IoT, BIM, and AI may significantly enhance resource efficiency and conserve energy in sustainable building initiatives. Upon reviewing the existing research, three prominent themes emerge: first, the influence of digital tools on green-building performance; second, a significant readiness gap among individuals to utilise these tools; and third, prior studies employing UTAUT2–TTF models inadequately address the dynamics of sustainability-oriented construction. This study explores these three domains. 

2.1 Digitalisation and Internet of Things Adoption for Energy Efficiency in Green Buildings To enhance resource management and energy efficiency, green buildings increasingly rely on digital technologies such as AI, BIM, and the IoT [25]. While BIM facilitates more effective design planning and optimisation, IoT enables real-time monitoring and control of energy consumption [19, 26]. AI is also used to analyse energy data to forecast consumption trends and optimise heating, ventilation, and air conditioning (HVAC) systems [27, 28]. 

Prior studies have demonstrated that several obstacles remain to the adoption of digital technology in the construction industry, particularly regarding the preparedness of human resources [29, 30]. According to a study by Batool et al. [31] although IoT technology has been shown to increase energy efficiency by up to 30%, workforce skill shortages and resistance to technological change often hinder its adoption. Thus, prior studies indicated that digital technologies, such as IoT, BIM, and AI, can significantly enhance energy monitoring, automate processes, optimise HVAC systems, and improve the operational efficiency of green buildings [26, 32, 33]. The utilisation of IoT facilitates real-time data acquisition, hence enhancing energy efficiency and streamlining processes. BIM

facilitates more intelligent design and improved material utilisation. AI intervenes to forecast the future performance of buildings. 

However, most studies focused on the capabilities of these instruments rather than on construction workers’

preparedness to utilise them, particularly in developing nations. Green buildings have distinct digital difficulties, including energy modelling, tracking low-carbon materials, and continuous monitoring of environmental performance. 

Studies such as UTAUT2 and TTF have not yet extensively explored these domains [34, 35]. Then, by assessing the Indonesian construction workforce’s preparedness to adopt digital technology and evaluating the extent to which the 479

ASTACITA program accelerates digital transformation in the green construction industry, this study advances the state of the art. 

2.2 Human-Resource Readiness and Barriers to Digital Adoption in the Construction Industry The construction industry needs to adopt digital technologies because projects are becoming increasingly complex, costs and timelines must be minimised, and worker safety and environmental sustainability are becoming more critical [36, 37]. Digital tools, such as BIM, the IoT, AI, and mobile project management apps, can help people work together more effectively, make decisions faster, and reduce the risk of delays and technical problems [24, 26]. 

However, since human resource (HR) is the primary user, the extent to which digital technology is utilised depends on their attitudes toward it and their level of readiness. Despite technological advancements, individuals continue to encounter similar obstacles in using new digital tools: insufficient digital literacy, resistance to change, inadequate training, and a lack of leadership support [38–40]. Moreover, complexity increases in green building initiatives. Workers must manage additional sustainability responsibilities, such as monitoring energy consumption or documenting waste, which need enhanced digital competencies and increased cognitive effort [41]. 

Most studies fail to examine how the added complexity of sustainable construction influences individuals’ adoption of new technology [42–45]. They typically regard all building projects as equivalent, overlooking that green initiatives depend heavily on extensive, data-driven digital efforts. Consequently, ensuring individuals are adequately informed is of paramount importance. It is prudent to examine digital adoption explicitly within the realm of energy-efficient green construction, rather than conflating it with conventional construction practices. 

2.3 Utilising Task-Technology Fit and Unified Theory of Acceptance and Use of Technology Theories to Assess Human Resources Perceptions and Preparedness for Digital Technology Adoption in Construction Projects

The TTF and UTAUT2 theories provide practical frameworks for understanding how people accept, evaluate, and utilise digital technology in construction projects. Venkatesh et al. [46] developed UTAUT2 as an enhancement to the original UTAUT model. This theory emphasises the behavioural, social, and psychological determinants that shape both intended and actual technology use. UTAUT2 was applied to determine how employees perceive the benefits, ease of use, peer pressure, and other factors that influence their willingness to use digital technology on construction projects. The most critical UTAUT2 variables within construction projects are: 1. Performance expectancy (PE) shows how much construction workers expect that using digital technology will help them do their jobs better. BIM, for instance, is thought to reduce rework by facilitating the identification of design issues. If HR believes that technology will increase productivity, they are more likely to adopt it. 

2. Effort expectancy (EE) shows how many people think that using and understanding digital technology is easy. For instance, project management apps for mobile devices need a simple interface so field workers don’t get overwhelmed. The rate at which people in different construction settings adopt it is directly related to its ease of use. 

3. SI illustrates how coworkers, bosses, and other individuals with a stake in the decision can influence a person’s decision to use technology. Construction project managers and upper management can accelerate the adoption of technology in construction projects by promoting its use and providing real-world examples. 

4. Facilitating conditions (FC), which occur, refer to the support, training, and infrastructure that an organisation has in place to help people use technology. People won’t be able to use cloud-based apps if the project site doesn’t have a reliable internet connection, for example. Being ready also means seeking help from management, such as HR

training programs. 

5. Hedonic motivation (HM) is how much pleasure or satisfaction you get from using technology. Although this isn’t a crucial aspect of building projects, apps with a nice, responsive interface design can enhance the experience and encourage people to get more involved. 

6. Perceived value (PV) shows how HR weighs the pros and cons of using technology. HR will still consider BIM

software worth the investment, despite the high licensing costs. This is because they believe it will reduce the cost of design errors. 

7. Habit (HB) shows how often people use technology in their daily lives. HR will become accustomed to utilising digital systems on projects and will be prepared for emerging technologies. 

With these factors in mind, UTAUT2 helps determine how HR perceives the benefits and drawbacks of using digital technology, the ease of use, the pressure to do so from others, and the level of support from the company. 

Goodhue [47] developed the TTF theory, which focuses on how well technology aligns with the task at hand, whereas UTAUT2 emphasises social and psychological factors. For digital technologies to be effective on construction projects, they must meet the project’s technical and managerial requirements. The following are some of the most critical TTF variables within construction projects:

1. The task’s features talk about how hard, dependent, and unpredictable it is. For example, architects, contractors, and consultants need to collaborate by combining complex design and scheduling data. If technology can handle 480

these task characteristics, it will be easier for people to use. 

2. Technology’s features show what it can do, how dependable it is, and how easy it is to access. For instance, BIM technology provides high-quality 3D views for identifying issues during the design phase, and mobile apps enable real-time field reporting. 

3. How well the technology fits the task. This is a measure of how well the technology performs its intended task. 

People find technological features useful and are more likely to use them when they directly help with work tasks. 

The TTF model emphasises the importance of objective HR readiness, which is the technology’s ability to meet operational needs in the field. Combining UTAUT2 and TTF in the context of building, a comprehensive understanding of how people perceive and prepare for building projects is achieved. UTAUT2 examines personal factors in HR management, including individuals’ goals, beliefs, and reasons for using technology. The TTF examines objective elements to determine whether technology is suitable for specific tasks on a construction project. When the two are combined, the mapping becomes more accurate: if the technology fails to meet the task requirements (TTF), people won’t use it, even if they like it (UTAUT2). On the other hand, TTF technology may be ineffective if users are reluctant to use it because they perceive it negatively (UTAUT2). 

Researchers have employed UTAUT2 and TTF to examine a range of digital tools, including e-government systems, IoT devices, online education, and conventional construction projects [25, 34, 48]. However, upon further examination of the evidence, three significant holes become evident:

(1) It scarcely addresses sustainability-oriented construction practices Much of the UTAUT2–TTF research broadly addresses digital adoption, such as the use of IoT devices or BIM software, without examining the alignment of task–technology fit with energy-efficiency initiatives. This is a significant oversight, as these positions are essential to green building initiatives. Previous TTF research focused on overall performance across general tasks but neglected finer details: Do the instruments support energy management, environmental monitoring, or tracking of sustainable materials? These are the genuine catalysts for sustainable construction, yet they remain largely unaddressed in discourse. 

(2) It disregards the actual behaviour of construction workers

UTAUT2 often emphasises PE, EE, SI, and FCs as primary determinants of individuals’ decisions to adopt new technology. However, few individuals examine the on-site dynamics, such as organisational culture, employee weariness, entrenched practices, or rigid hierarchies, that influence the genuine adoption of these techniques, particularly in environmentally sustainable initiatives. Much more is occurring than the models acknowledge. 

(3) Perceived danger is overly simplified in the context of construction digitisation Most research on the risk aspect focuses on privacy and data security. However, if they enquire with workers on a green building site, their primary fear is markedly different: Will this technology jeopardise my employment? Will it increase the workload? Will I be held accountable if an issue arises? The standard models fail to adequately address the problem. 

A model that effectively integrates UTAUT2, TTF, and PR, tailored to the context of energy efficiency and conservation efforts, is currently lacking. 

Therefore, this study presents three key contributions. Initially, it integrates digital-adoption models into sustainable construction, illustrating how digital tools are directly linked to energy efficiency and improved environmental performance. Secondly, it directly integrates the TTF framework with sustainability initiatives, such as energy monitoring and waste reduction, rather than focusing solely on conventional productivity measures. Third, it examines the reasons behind workers’ preparedness for these technologies, considering how daily routines, organisational hierarchies, and sustainability requirements influence their intentions and actual behaviours. This study integrates themes of digital technology adoption in construction with project management, emphasising sustainability. This study integrates HR competency techniques with IoT technology in Green Construction Management, emphasising HR readiness and methods for improving construction workforce skills as crucial components of digitalisation, in contrast to previous research that focused on IoT’s technical benefits for energy efficiency. 

Indonesia’s construction industry requires a unique HR technology deployment strategy, which this research will build. This model uses PR, TTF, and UTAUT2. This study provides data-based recommendations to the government and key industries to improve green building human resources. Using the ASTACITA program, this study will evaluate the policy’s effectiveness in promoting the use of digital technologies in Green Building projects. This study encourages resource conservation and energy efficiency in Green Building projects while assessing workforce preparedness for adopting IoT. 

2.4 Conceptual Model and Hypotheses

The conceptual model is shown in Figure 1. The integrated UTAUT2 + TTF conceptual framework for the adoption of digital technology in Green Building construction projects encompasses the subsequent narrative and rationale for each hypothesis:

H1: TTF → PE (positive)
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When TTF is high, as when BIM/IoT significantly enhances clash detection, material tracking, or safety monitoring, users rate PE higher. This is because the features, reliability, and access of technology seem to “fit” with field and managerial work. Recent research integrating TTF into UTAUT2 indicates that TTF enhances perceived utility and amplifies the influence of benefits on usage intentions [16]. 

Figure 1. The conceptual model

H2: TTF → behavioural intention (BI) (positive)

When technology aligns with the task, cognitive and operational barriers are reduced, and utility is immediately recognised, thereby increasing BI. Recent PLS-SEM data indicate that TTF has a significant impact on BI across various digital learning and work environments. Some studies report a stronger association between TTF and BI (mixed results consistent with H2) [17, 25]. Still, integrative research using TTF + UTAUT2 also shows that adoption intentions are better explained than in separate models. 

H3: PE → BI (positive)

The stronger someone believes that technology makes things faster, more accurate, or more productive, the more they plan to use it. Recent meta-analyses and BIM reviews indicate that PE is a significant factor in determining whether people in the construction industry will adopt new technologies [17, 34]. Research on AI adoption in construction design supports this. 

H4: EE to BI (positive)

Field workers are more likely to adopt technology when they are under time pressure, know how to use it, have clear training, and have a simple user interface. Recent data indicate that EE enhances BI for several digital services [17, 46]. Task/individual fit is another way that EE is increased in the UTAUT2 extension with TTF. 

H5: SI → BI (positive)

SI (such as supervisors, foremen, consultants, and project owners) can lead to the formation of injunctive or descriptive norms to “follow suit,” especially when adoption is built into project SOPs. In the AEC/IoT context, SI continues to raise BI. A recent BIM review backs up SI’s role as a key driver [25]. 

H6: FC → BI (positive)

FCs, such as the site network, devices, help desk, and organisational policies, reduce the likelihood that people will fail to adopt something. Evidence from digital services suggests that FC is important and can be influenced by PR; in the context of innovative construction, FC plays a significant role in the adoption of IoT [34]. 

H7: HM → BI (positive)

HM strengthens its intention by encouraging exploration and engagement through enjoyable and engaging user experiences. In an IoT model for construction that combined UTAUT2 and TTF, HM was a primary driver of adoption [34, 48]. 

H8: PV→ BI (positive)

If employees or managers value benefits (such as reducing rework costs, improving time efficiency, and enhancing safety) more than costs (such as training and licensing), BI increases. Recent BIM meta-analyses and reviews have identified PV and PV as significant predictors of BI; cross-domain research further indicates that PV positively affects intention [17, 48]. 

H9: HB → BI (positive)

HB speeds up the change from “intentional” to “automatic” use. If employees regularly use mobile/BIM viewer reports, they are more likely to stick with their plan. Recent research that utilises UTAUT2 to examine digital and sustainable technologies has found that HB are strong predictors of intention and behaviour [34, 48]. 
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H10: PR → BI (positive)

Numerous UTAUT2 studies examining PR show that higher PR generally reduces BI (a harmful effect). If the construct is defined as a decrease in PR (e.g., “I feel safe/protected”) or as confidence in the organisation’s risk management, the positive correlation in hypothesis H10 can be explained: a higher PR score indicates a more manageable risk, thereby enhancing BI. Recent data underscores the significant influence of risk and trust on intention; in specific contexts, risk can even diminish the effects of PE, SI, and FC [48]. 

H11: BI → use behaviour (UB) (positive)

BI is the closest thing to UB; when people intend to use something and think they are getting enough support from the organisation, they actually use it, such as regularly uploading progress photos, conducting clash checks, or filling out app-based OHS checklists. Recent UTAUT2 studies and AI/BIM evidence substantiate a robust relationship between BI and UB [46]. 

3 Research Method

The research method is broadly described as follows:

• This research is a quantitative study to analyse HR readiness in adopting IoT and digitalisation in Green Building and Green Construction Management projects. 

• A quantitative approach is used to measure the level of workforce readiness through surveys and statistical analysis. The data used are primary. 

• Primary data collection, with quantitative respondent selection using a purposive sampling method, to explore construction project stakeholders’ perceptions of the determinants of the UTAUT2, TTF, and PR models. 

• A survey method was used by distributing questionnaires to 200 Green Building construction project stakeholders in Indonesia. 

• The method of analysing the relationship and influence of internal factor determinants and the modified model (UTAUT2, TTF, and PR) on conservation and efficiency intentions and behaviours in Green Building projects was used using the SEM-PLS method with the initial measurement model as presented in Figure 2. 

Figure 2. The initial measurement model

Note: PE, performance expectancy; EE, effort expectancy; SI, social influences; FC, facilitating conditions; HM, hedonic motivation; PV, perceived value; HB, habit; TTF, Task-Technology Fit; PR, perceived risk; BI, behavioural intention; UB, use behaviour. 
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A “Likert Scale” is used to measure the variables related to the model. This scale measures an individual’s or group’s views, opinions, and beliefs regarding social phenomena. The researcher identified the social phenomena in this study as research variables. Indicator variables are the variables that will be measured. The components of the instrument are then assembled into statements or questions, using these indicators as benchmarks. Responses were scored for quantitative analysis as follows: 5 points were awarded for strongly agreeing, 4 points for agreeing, 3 points for affirmative, 2 points for disagreeing, and 1 point for strongly disagreeing. 

A pilot study was conducted to assess the validity and reliability of the research tools used. This was done to enable the researchers to use the instruments. Thirty respondents who had worked on a Green Building construction project participated in the pilot study’s validity and reliability testing. As indicated in Table 1, the Corrected Item-Total Correlation is used to test the validity of this research tool. The Cronbach’s Alpha values can be used to evaluate the test’s reliability. 

Table 1. Reliability (Cronbach’s Alpha) test

Variables

Indicators

Cronbach’s Alpha

PE

PE1, PE2, PE3, PE4

0.970

EE

EE1, EE2, EE3, EE4

0.951

SI

SI1, SI2, SI3, SI4

0.952

FC

FC1, FC2, FC3, FC4

0.961

HM

HM1, HM2, HM3, HM4

0.954

PV

PV1, PV2, PV3, PV4

0.972

HB

HB1, HB2, HB3, HB4

0.893

TTF

TTF1, TTF2, TTF3, TTF4

0.989

PR

PR1, PR2, PR3, PR4

0.920

BI

BI1, BI2, BI3, BI4

0.980

UB

UB1, UB2, UB3, UB4

0.957

Note: PE, performance expectancy; EE, effort expectancy; SI, social influences; FC, facilitating conditions; HM, hedonic motivation; PV, perceived value; HB, habit; TTF, Task-Technology Fit; PR, perceived risk; BI, behavioural intention; UB, use behaviour. 

All constructs had Cronbach’s Alpha > 0.89, indicating high internal consistency (the minimum requirement of 0.7 was met). According to the validity test results, the corrected item-total correlation for each indicator exceeded 0.3. This shows that each question item consistently and validly measures the intended construct. Consequently, primary research on the application of digital technology in construction projects can benefit from this research tool. 

Before commencing data analysis, a rigorous data-cleaning procedure was implemented to ensure the integrity and reliability of the dataset. Two hundred questionnaires were distributed, and all were returned. The responses were subsequently screened to evaluate completeness and quality. The screening process involved checking for missing values, detecting straight-lining patterns (i.e., respondents selecting the same option throughout), identifying excessively short completion times that may indicate inattentive responding, and assessing inconsistencies in answers to reversed or conceptually similar items. After applying these criteria, 200 valid and usable responses remained, each meeting the minimum standards required for structural equation modelling. 

To address potential common method bias (CMB), both procedural and statistical safeguards were incorporated into the research design. Procedurally, the anonymity of responses was ensured; participants were informed that there were no right or wrong answers, and questionnaire items were arranged across different constructs to minimise pattern recognition. 

Statistically, two diagnostic tests were conducted. Harman’s single-factor test showed that the most significant extracted factor accounted for less than 40% of the total variance, remaining well below the commonly accepted threshold. In addition, full collinearity variance inflation factors (VIFs) were examined, and all constructs exhibited VIFs below 3.3 [49, 50]. These results collectively indicate that CMB is unlikely to threaten the validity of the findings. 

PLS-SEM was employed for data analysis given the complexity of our study model, which comprises multiple latent constructs (e.g., UTAUT2, TTF, and PR), each with distinct indicators. The configuration for forecasting individuals’ readiness to adopt digital technologies is complex. PLS-SEM is particularly suitable when the emphasis is on prediction, which aligns with our objectives. Furthermore, our data did not follow a normal distribution, which is common in behavioural investigations, and our initial assessments corroborated this finding. This research does not merely evaluate an existing theory; instead, it enhances UTAUT2 by modifying and augmenting it. PLS-SEM

effectively accommodates that versatility. It effectively addresses multicollinearity and outperforms CB-SEM in small to medium-sized samples. This is significant for us. According to Sarstedt et al. [50], PLS-SEM is an appropriate instrument for examining mediation effects, delineating intricate pathways, and assessing the proportion of variance 484

explained (R2 and Q2). It is logically coherent with our objectives. 

4 Results Analysis

4.1 Respondents Profile

Two hundred participants were recruited for this study, representing a diverse cohort of individuals engaged in green building and digital construction initiatives across Indonesia, as presented in Table 2. An examination of their backgrounds reveals that they are predominantly involved in digital technologies within the sector, including IoT, BIM, and AI. The majority of respondents were aged 31–40, with approximately 100 individuals. The predominant group comprises mid-career professionals, typically those in supervisory or managerial roles on construction sites. 

Subsequently, 40 individuals from both the 41–50 and 51–60 age brackets contribute significant experience and a profound comprehension of project management. Among the younger demographic, 20 individuals were aged 20–30, indicating the presence of emerging talent that is likely more receptive to experimenting with new technology. 

Table 2. Respondents profile

Category

Description

Total

20–30 Years

20

31–40 Years

100

Age

41–50 Years

40

51–60 Years

40

Diploma

30

Education

Bachelor

115

Master

55

<6 Years

20

6–10 Years

40

Experience working on projects

11–15 Years

60

>15 Years

80

Contractor/Owner

28

Project Management staff

30

Project Manager

33

Project Supervisor

23

Position

Project Management Office (PMO)

24

Senior Mechanical Engineer

20

Site Manager

25

Team Leader

20

Commercial Building

85

Project type

Housing Development

70

Public/Government

45

Most individuals possessed strong educational qualifications. Among the individuals, 115 held a Bachelor’s degree, 55 a Master’s degree, and 30 a Diploma. The group comprises hands-on operators, highly trained professionals, and management. The majority (80 individuals) have fewer than 6 years of experience in their roles. This signifies that numerous new professionals are now engaging in environmental initiatives. Forty individuals have 6–10 years of experience, whilst sixty have 11–15 years of experience in the field. The remaining 20 individuals, with over 15 years of expertise, constituted the most experienced group. These warriors have experienced the transition to digital tools firsthand. Individuals occupied various positions. There were 33 Project Managers, 30 from the Project Management staff, 28 representing contractors or owners, and 25 Site Managers—numerous decision-makers and coordinators. 

The team comprised 23 Project Supervisors, 24 Project Management Office (PMO) personnel, 20 Senior Mechanical Engineers, and 20 Team Leaders, all of whom are actively engaged with digital systems for design, reporting, and quality assurance. 

Their efforts encompassed three primary categories: There were 85 commercial structures, 70 housing complexes, and 45 public or government projects. These digital solutions for energy conservation and efficiency are not confined to a single sector; they are implemented across a range of building types. This group is not biased toward any particular experience level or level of expertise. The group comprises leaders, mid-level employees, and newcomers, each with distinct educational backgrounds and responsibilities. This diversity indicates that the study assesses the readiness of various teams for digital transformation. It offers a clearer understanding of how professionals in the sector engage with emerging technologies in sustainable construction. 
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4.2 Outer Model

Based on the results of the outer loadings test, all indicators exceeded the 0.7 threshold, thereby meeting the requirements for convergent validity. The Cronbach’s Alpha and Ccomposite reliability (CR) values for all constructs were above 0.70, indicating good internal reliability (see Table 1). Furthermore, the average variance extracted (AVE) values were greater than 0.50 for all constructs, concluding that each construct explained more than 50% of the variance in its indicators, as presented in Table 3. 

Table 3. Validity (corrected item-total correlation) test

Variables

Indicators

Corrected Item-Total Correlation

PE1

0.949

PE2

0.920

PE

PE3

0.921

PE4

0.904

EE1

0.834

EE2

0.906

EE

EE3

0.882

EE4

0.905

SI1

0.909

SI2

0.954

SI

SI3

0.895

SI4

0.784

FC1

0.876

FC2

0.953

FC

FC3

0.828

FC4

0.976

HM1

0.830

HM2

0.841

HM

HM3

0.940

HM4

0.946

PV1

0.874

PV2

0.957

PV

PV3

0.933

PV4

0.967

HB1

0.854

HB2

0.512

HB

HB3

0.876

HB4

0.905

TTF1

0.980

TTF2

0.952

TTF

TTF3

0.977

TTF4

0.980

PR1

0.642

PR2

0.903

PR

PR3

0.877

PR4

0.878

BI1

0.945

BI2

0.958

BI

BI3

0.963

BI4

0.929

UB1

0.852

UB2

0.827

UB

UB3

0.953

UB4

0.953

Note: PE, performance expectancy; EE, effort expectancy; SI, social influences; FC, facilitating conditions; HM, hedonic motivation; PV, perceived value; HB, habit; TTF, Task-Technology Fit; PR, perceived risk; BI, behavioural intention; UB, use behaviour. 

The results of the discriminant validity tests (Fornell-Larcker and Cross-Loading) indicated that the correlations 486

between each construct and its indicators were higher than those between each construct and the other constructs. 

Therefore, there was no multicollinearity among the constructs, and each could be clearly distinguished. 

All standardised loadings on their intended constructs are high (e.g., BI1–BI4: 0.869–0.930; PV1–PV4: 0.932–0.966; TTF1–TTF4: 0.856–0.929; UB1–UB4: 0.783–0.882), supporting indicator reliability. Cronbach’s α

ranges from 0.660 (PE) to 0.964 (PV); CR ranges from 0.853 to 0.969; AVE ≥ 0.715 for all constructs, supporting convergent validity. (α ≈ 0.66 for PE is tolerable in exploratory work when CR and AVE are strong). 

Table 4. Outer loadings

Path

First Run

Second Run

BI1 ← BI

0.881

0.878

BI2 ← BI

0.927

0.930

BI3 ← BI

0.924

0.927

BI4 ← BI

0.872

0.869

EE1 ← EE

0.964

0.990

EE2 ← EE

0.805

0.900

EE3 ← EE

0.305

–

EE4 ← EE

0.379

–

FC1← FC

0.873

0.858

FC2 ← FC

0.930

0.937

FC3 ← FC

0.776

0.801

FC4 ← FC

0.392

–

HB1 ← HB

0.837

0.849

HB2 ← HB

0.441

–

HB3 ← HB

0.919

0.948

HB4 ← HB

0.908

0.899

HM1 ← HM

0.692

–

HM2 ← HM

0.653

–

HM3 ← HM

0.832

0.956

HM4 ← HM

0.783

0.873

PE1 ← PE

0.873

0.896

PE2 ← PE

0.780

0.828

PE3 ← PE

0.652

–

PE4 ← PE

0.400

–

PR1 ← PR

0.383

–

PR2 ← PR

0.984

0.990

PR3 ← PR

0.939

0.956

PR4 ← PR

0.792

0.822

PV1 ← PV

0.933

0.932

PV2 ← PV

0.931

0.932

PV3 ← PV

0.936

0.937

PV4 ← PV

0.965

0.966

SI1 ← SI

0.846

0.846

SI2 ← SI

0.969

0.962

SI3 ← SI

0.887

0.914

SI4 ←SI

0.677

–

TTF1←TTF

0.918

0.919

TTF2 ← TTF

0.857

0.856

TTF3 ← TTF

0.929

0.929

TTF4 ←TTF

0.918

0.919

UB1 ← UB

0.729

0.783

UB2← UB

0.528

–

UB3 ← UB

0.838

0.882

UB4 ← UB

0.840

0.869

Note: PE, performance expectancy; EE, effort expectancy; SI, social influences; FC, facilitating conditions; HM, hedonic motivation; PV, perceived value; HB, habit; TTF, Task-Technology Fit; PR, perceived risk; BI, behavioural intention; UB, use behaviour. 
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that cannot be observed directly but are measured through multiple indicators or items. The outer loading value indicates how well an item represents its construct. A high loading value (>0.7) indicates that the item is strongly correlated with the latent variable and is a valid measure [41]. A low loading value (below a predetermined threshold) indicates that the item does not correlate strongly with its construct and should be considered for removal or revision. 

During the initial measurement run, several indicators—EE3, EE4, HB2, HM1, HM2, PE3, PE4, PR1, SI4, and UB2—did not meet the suggested 0.70 threshold for outer loadings (refer to Table 4 in the first run column). Indicators with low loadings contribute little to the explanation of their constructs and may introduce extraneous variability. 

Subsequently, these items were eliminated to enhance reliability and validity and to improve the quality and accuracy of the research results [41]. The elimination of weak items statistically enhanced CR, AVE, and indicator reliability, as demonstrated in Table 5. Following the cleanup, the AVE for each construct exceeded 0.50, indicating robust convergent validity. Discriminant validity was also enhanced by both the Fornell–Larcker criteria and cross-loadings, resulting in each construct being more distinctly differentiated from the others. 

Table 5. Composite reliability (CR) and average variance extracted (AVE) second run results Variables

CR (rho_a)

CR (rho_c)

AVE

BI

0.926

0.945

0.812

EE

1.885

0.944

0.895

FC

0.912

0.901

0.752

HB

0.892

0.927

0.809

HM

0.970

0.911

0.838

PE

0.684

0.853

0.744

PR

1.069

0.947

0.857

PV

0.790

0.969

0.887

SI

0.902

0.934

0.825

TTF

0.930

0.948

0.821

UB

0.827

0.883

0.715

Note: PE, performance expectancy; EE, effort expectancy; SI, social influences; FC, facilitating conditions; HM, hedonic motivation; PV, perceived value; HB, habit; TTF, Task-Technology Fit; PR, perceived risk; BI, behavioural intention; UB, use behaviour. 

Figure 3. The second run/final structural model

Note: PE, performance expectancy; EE, effort expectancy; SI, social influences; FC, facilitating conditions; HM, hedonic motivation; PV, perceived value; HB, habit; TTF, Task-Technology Fit; PR, perceived risk; BI, behavioural intention; UB, use behaviour. 

After removal, the PLS-SEM analysis was repeated to determine whether there was an improvement in the outer 488

loadings of the other indicators, CR, and AVE, as shown in Table 4 (second run outer loadings) and Table 5. Thus, the structural model was changed as presented in Figure 3. 

4.3 Structural Model

The R2 values for the endogenous variables indicate the model’s predictive power for the central construct (e.g., BI/UB), which was in the moderate-to-substantial range (>0.50) [50, 51], as presented in Table 6. This suggests that the model can account for a significant portion of the variation in the dependent variable. The results of the blindfolding Q2 test were all positive (greater than 0), indicating that the model is predictive. In other words, the model not only explains the sample data but also predicts new observations, as shown in Table 7. 

Table 6. The R2 value

Variables

R2

R2 Adjusted

BI

0.930

0.927

PE

0.442

0.439

UB

0.344

0.341

Note: PE, performance expectancy; BI, behavioural intention; UB, use behaviour. 

Table 7. The blindfolding Q2 test results

Variables

SSO

SSE

Q2(= 1 − SSE/SSO)

BI

800.000

264.305

0.670

EE

400.000

189.349

0.527

FC

600.000

304.653

0.492

HB

600.000

247.106

0.588

HM

400.000

224.358

0.439

PE

400.000

303.691

0.241

PR

600.000

217.193

0.638

PV

800.000

205.149

0.744

SI

600.000

230.157

0.616

TTF

800.000

255.825

0.680

UB

600.000

358.217

0.403

Note: SSE, sum of squared errors; SSO, sum of squared observations; PE, performance expectancy; EE, effort expectancy; SI, social influences; FC, facilitating conditions; HM, hedonic motivation; PV, perceived value; HB, habit; TTF, Task-Technology Fit; PR, perceived risk; BI, behavioural intention; UB, use behaviour. 

4.4 Significance Test of Relationships Between Constructs (Bootstrapping) The bootstrapping test results indicate that most path coefficients are significant, with t-statistics > 1.96 (α =

0.05) and p-values < 0.05, as shown in Table 8. The relationships between the primary constructs (e.g., PV → BI, SI

→ BI, and BI → UB) are all significant. There are several insignificant paths (if any), indicating that these variables do not play a direct role but may function as mediators or moderators. The path coefficients ranged from 0.20 to 0.60, indicating a positive influence of low to moderate strength. The path with the highest coefficient can be interpreted as the dominant factor influencing respondents’ behaviour. 

Table 8. The hypotheses testing results

Hypotheses

Path

Path Coefficients

p-Values

Results

H1

TTF → PE

0.665

0.000

Significant

H2

TTF → BI

0.083

0.787

Not Significant

H3

PE → BI

0.181

0.005

Significant

H4

EE → BI

0.049

0.804

Not Significant

H5

SI → BI

1.037

0.000

Significant

H6

FC → BI

-1.584

0.000

Significant but negative

H7

HM → BI

0.232

0.186

Not Significant

H8

PV → BI

1.300

0.000

Significant

H9

HB → BI

0.283

0.047

Significant

H10

PR → BI

-0.112

0.202

Not Significant

H11

BI → UB

0.586

0.000

Significant

Note: PE, performance expectancy; EE, effort expectancy; SI, social influences; FC, facilitating conditions; HM, hedonic motivation; PV, perceived value; HB, habit; TTF, Task-Technology Fit; PR, perceived risk; BI, behavioural intention; UB, use behaviour. 
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5 Discussion

The results demonstrate that TTF has a significant positive effect on PE. This finding indicates that when digital technologies are perceived as compatible with the operational tasks of construction projects, users are more likely to recognise their performance benefits. In the context of green construction, digital tools such as BIM-based clash detection or IoT-based energy monitoring are considered useful when they directly support project coordination and environmental performance management [52]. This result is consistent with previous studies that emphasise the importance of task–technology alignment in enhancing perceived usefulness and technology acceptance in construction projects. 

TTF was not found to be related to BI based on the results. This suggests that whereas the perceived usefulness is essential in persuading users to use a system that would enable them to do the job (more) effectively, the system must also be judged to be useful enough for the particular task for which it is intended for them to plan to use it [52]. A similar observation was reported by Dash et al. [53], who found that TTF had a greater impact on intention via PE. 

During the project in Surabaya, an energy monitoring application was installed; however, usage rates were very low because users did not see any utility in it. 

However, TTF was not found to have a direct effect on BI. This suggests that technological compatibility alone is insufficient to stimulate adoption intentions unless users clearly perceive performance benefits. In other words, the influence of TTF appears to operate indirectly through PE. Similar findings have been reported in recent studies integrating TTF and UTAUT2, which indicate that perceived usefulness often mediates the relationship between technological suitability and BI. In green construction projects, workers may recognise that a system fits their tasks, but adoption intentions emerge only when tangible improvements in productivity or efficiency become evident. 

PE significantly influences BI, indicating that perceived performance benefits remain a central driver of technology adoption. When construction professionals believe that digital tools can improve productivity, reduce rework, or enhance project coordination, they are more likely to adopt these technologies. This finding aligns with the broader technology acceptance literature, which consistently identifies perceived usefulness as one of the strongest predictors of BI [25]. In the context of green building projects, technologies such as BIM and IoT improve resource management and energy monitoring, thereby strengthening perceptions of their practical value. 

In contrast, EE did not significantly influence BI. This finding suggests that ease of use is no longer a primary determinant of digital technology adoption among construction professionals. As digital applications become increasingly integrated into construction workflows, workers may already possess sufficient familiarity with basic digital tools [52]. Consequently, usability concerns become less relevant compared to performance-related benefits. 

This observation is consistent with recent studies indicating that the role of EE tends to diminish as users gain experience with digital systems. 

A particularly notable result is the negative relationship between FC and BI. Contrary to the original UTAUT2

framework’s assumptions, stronger organisational support appears to reduce individuals’ willingness to adopt digital tools. One possible explanation is that highly formalised support systems may be perceived as bureaucratic or restrictive in dynamic project environments such as construction sites. Excessive procedural control or monitoring may create a perception of additional administrative burden rather than practical assistance. Similar patterns have been observed in project-based industries where rigid organisational structures can hinder adaptive work practices. 

This phenomenon is not unique; it also manifests in other areas, particularly in industries characterised by constant change or spontaneous decision-making. Excessively structured support networks can make individuals feel constrained. It undermines their sense of agency and proficiency, prompting resistance to the imposition of new technology [54]. In construction, FC often indicates increased procedures, excessive documentation, or supervisors closely monitoring your activities. Most employees perceive that as more labour rather than genuine assistance. 

Recent studies corroborate this finding. When official support fails to align with on-site realities, individuals respond adversely. Construction activities are chaotic and frequently ad hoc; established procedures fail to adapt [10, 13, 55]. 

Consequently, employees increasingly rely on informal methods to accomplish tasks, rendering formal help even less effective. The previous study frequently resists technology perceived as imposed by higher authorities [22, 56]. The adverse relationship between FC and BI in this study ultimately hinges on context. Excessively rigid support systems inhibit adaptability and discourage workers in green construction projects from adopting new digital technologies. 

HM did not significantly affect BI. This suggests that the convenience or pleasure factor of technology is not particularly relevant in the construction industry. Darvazeh et al. [57] found that HM remained present but was much less prevalent in more digitally integrated construction fields. For example, workers in a green building construction project in Indonesia prioritised the functionality of the energy monitoring app over its fancy design. 

PV was identified as one of the strongest predictors of BI. This finding indicates that construction professionals evaluate digital technologies based on the balance between perceived benefits and associated costs. When digital systems are perceived as reducing project costs, minimising design errors, or improving efficiency, individuals are more likely to adopt them. In green building projects, the ability of BIM systems to reduce material waste and optimise design coordination enhances the perceived economic value of adopting digital technology. This is similar 490

to a meta-analysis of BIM adoption conducted by Prabarani et al. [58]. For example, employees on a green building project in Indonesia greatly appreciated adopting BIM, as it reduced material waste and design error costs. 

HB also significantly influenced BI. The results suggest that repeated exposure to digital systems gradually transforms intentional use into routine behaviour. As construction professionals become accustomed to digital reporting systems or mobile project management tools, their reliance on these technologies increases. Previous studies on digital transformation similarly emphasise the role of habitual behaviour in stabilising technology adoption within organisational environments [59, 60]. Among employees engaged in the Indonesian green building project, the concept of a new system was quickly accepted, particularly when using a mobile application to report daily for a specified period. 

PR, however, did not significantly influence BI. Although digital technologies often raise concerns about system reliability and data security, these risks appear to have limited influence on adoption decisions in green construction projects. One possible explanation is that the perceived operational benefits of digital technologies outweigh potential risks. When digital tools clearly improve task efficiency and project coordination, users may prioritise performance benefits over concerns regarding technological uncertainty. Interestingly, this does not align with Kim et al. [61], 

which argues that risk always accompanies AI adoption. 

But in Indonesia’s green building projects, what really drives workers is the promise of getting the job done better and faster. The benefits feel real, much more immediate than abstract worries about digital risks. This matches what we’re starting to see in studies on AI and IoT in construction: when the technology clearly helps with everyday tasks, people barely notice the risk [62, 63]. Still, it’s not always so simple. Other research indicates that in green construction, strict regulations necessitate reliability and traceability, which may further increase risk sensitivity [64]. 

The indirect effect analysis further indicates that PV influences actual technology use primarily through BI. 

The decision to adopt digital technologies is strongly influenced by users’ evaluation of the benefits relative to the associated costs, as presented in Table 9. When the perceived economic and operational benefits outweigh implementation costs, adoption intentions increase. This finding is consistent with research on BIM adoption, which emphasises economic value as a critical driver of digital technology acceptance. For example, workers involved in green building projects in nIndonesia reported increased willingness to adopt BIM after observing reductions in material waste and design errors. 

Table 9. The path indirect results

Path Indirect

Path Indirect Coefficient

p-Value

Results

PV → BI → UB

0.762

0.000

Significant

SI → BI → UB

0.608

0.000

Significant

TTF → BI → UB

0.048

0.780

Not Significant

TTF → PE → BI

0.120

0.004

Significant

TTF → PE → BI → UB

0.070

0.004

Significant

EE → BI → UB

0.028

0.791

Not Significant

FC → BI → UB

-0.929

0.000

Significant

HB → BI → UB

0.166

0.036

Significant

HM → BI → UB

0.136

0.169

Not Significant

PE → BI → UB

0.106

0.004

Significant

PR → BI → UB

-0.066

0.196

Not Significant

Note: PE, performance expectancy; EE, effort expectancy; SI, social influences; FC, facilitating conditions; HM, hedonic motivation; PV, perceived value; HB, habit; TTF, Task-Technology Fit; PR, perceived risk; BI, behavioural intention; UB, use behaviour. 

In contrast, the indirect pathway from TTF to use behaviour through BI was not statistically significant. This finding indicates that technological compatibility alone does not necessarily lead to technology use unless users clearly perceive the technology’s performance benefits. The result reinforces the mediating role of PE in the relationship between TTF and BI. For example, an energy-monitoring application may align well with the responsibilities of a project technician; however, the system may not be used consistently unless workers recognise its practical benefits in improving efficiency or decision-making. 

EE was also found to have no significant indirect effect on technology use behaviour. One possible explanation is that construction professionals have become increasingly familiar with digital technologies in their daily work activities [14, 65]. As a result, usability concerns become less important compared to performance-related benefits. 

In the context of green construction projects, workers appear to prioritise technologies that directly support efficiency, coordination, and productivity. FC, however, demonstrated a significant negative effect on BI. This finding suggests that excessive organisational support may unintentionally reduce users’ intrinsic motivation to adopt technology. 

When digital systems are perceived as being imposed through rigid organisational structures or excessive monitoring, 491

workers may interpret such support as an additional administrative burden rather than practical assistance [30]. 

Consequently, overly structured support mechanisms may discourage voluntary technology adoption. 

HB also significantly influenced use behaviour through BI. As workers become increasingly familiar with digital applications, they are more likely to continue using them in their daily activities. These findings are consistent with previous research highlighting habit as a strong determinant of digital technology adoption [66]. Workers who routinely used mobile applications for progress reporting in green construction projects were more likely to maintain consistent usage behaviour. 

HM did not significantly influence use behaviour through BI. This result suggests that enjoyment or entertainment value is not a critical determinant of technology adoption in construction environments. Construction professionals appear to prioritise functionality and efficiency over user experience design. For example, a visually appealing energy monitoring application may not increase adoption if it does not provide clear operational benefits [67, 68]. 

PE, however, demonstrated a significant indirect influence on use behaviour through BI. When workers perceive that digital technologies improve productivity and project performance, they are more likely to use these technologies consistently. This finding is consistent with previous meta-analyses on BIM adoption, which identify perceived usefulness as a key driver of sustained technology usage [19]. 

In terms of intentionality, the PR has no significant effect on the use behaviour. This demonstrates that concerns about hazards or data safety do not influence an employee’s decision to use technology [25]. That means, as long as you are building things, the benefits will always outweigh any risk involved. This is because, since their chief objective was to save both time and funds (in addition), on green-building sites, workers made extensive use of electronic tools. 

Finally, PR did not demonstrate a significant effect on use behaviour through BI. This suggests that concerns about technological risk are less influential in determining technology-use decisions in green construction projects. In practice, construction professionals appear to prioritise operational benefits such as efficiency, cost reduction, and improved coordination over potential digital risks [69]. 

Overall, the findings highlight important gaps in workforce readiness for digital technology adoption in green construction projects. While some workers can interpret digital outputs, such as BIM clash detection or IoT energy dashboards, many still struggle to understand and utilise these systems effectively. These results indicate the need to strengthen digital competencies in data interpretation, problem-solving with digital tools, and decision-making supported by digital systems. 

Another important issue concerns the overreliance on organisational support. Excessive reliance on institutional assistance may indicate limited confidence in using digital technologies independently. To support sustainable digital transformation, workers must develop the capability to manage digital systems independently, solve operational problems, and adapt to new technological environments. 

Habitual interaction with digital technologies, therefore, becomes essential. Regular exposure to digital systems reduces user resistance and improves confidence in using these tools. Training programmes should therefore focus not only on technical instruction but also on integrating digital tools into daily project activities. Continuous practice and real project scenarios can help strengthen digital competence and support long-term adoption. 

Based on the results of the SEM-PLS analysis and stakeholder validation discussions, several practical strategies can be proposed to support digital adoption in green construction projects. First, top management should clearly communicate the operational benefits of digital systems, particularly their ability to improve coordination, reduce design conflicts, and enhance project efficiency. Second, project managers should balance the provision of technological infrastructure with motivational mechanisms such as incentives for consistent digital reporting. Third, field supervisors and workers should receive structured guidance during the early stages of digital implementation to ensure that technology use becomes habitual. Finally, consultants and architects should emphasise BIM’s broader capabilities beyond 3D modelling, particularly its role in energy analysis, material sustainability assessment, and life-cycle evaluation in green building projects. 

6 Conclusion

This study examined the behavioural factors influencing the adoption of digital technologies in green construction projects by integrating the UTAUT2, the TTF framework, and the PR framework. The findings indicate that BI plays a central role in translating perceptions of digital technologies into actual use behaviour within green building projects. 

Among the examined factors, PE, PV, SI, and HB were identified as key drivers shaping BI. Construction professionals are more likely to adopt digital tools when these technologies are perceived as improving project efficiency, reducing operational errors, and providing clear practical benefits. Habitual interaction with digital systems also plays an important role in stabilising technology adoption, as repeated use gradually transforms intentional behaviour into routine practice within project workflows. 

The results further demonstrate that BI mediates the relationship between several antecedent variables and actual technology use. In particular, PV and SI indirectly influence technology usage through BI, highlighting the importance of organisational support and perceived economic benefits in encouraging digital adoption. Task–technology fit was 492

also found to influence adoption behaviour indirectly through PE, suggesting that digital technologies are more likely to be adopted when they clearly support operational tasks and improve work performance. 

In contrast, EE, HM, and PR were found to have limited influence on technology adoption in green construction projects. These findings suggest that construction professionals prioritise functional and performance-related benefits over usability or entertainment-related factors when evaluating digital technologies. Concerns about technological risk also appear secondary when the perceived operational advantages of digital tools are evident. 

Overall, the findings highlight that successful digital transformation in green construction projects depends not only on technological availability but also on workforce readiness, perceived operational benefits, and the alignment between digital technologies and construction tasks. For practitioners, the results suggest that organisations should emphasise the practical value of digital technologies, strengthen digital competencies among construction professionals, and integrate digital tools into routine project workflows to encourage sustained adoption. 

This study has the following limitations:

1. The research context is limited to green building projects, so it cannot represent all types of construction projects in Indonesia. 

2. The cross-sectional design is unable to capture the dynamics of changes in intentions and behaviours regarding technology use over time. 

3. Moderating variables such as age, work experience, contract type, and organisational culture have not been tested in depth. 

Therefore, opportunities for further research include:

1. Expanding the sample and context: Testing the model on other construction projects (EPC, public infrastructure, mass housing) to determine the consistency of the findings. 

2. Longitudinal approach: Tracking changes in perceptions, intentions, and behaviours regarding digital technology use from the initial project phase to completion. 

3. Testing moderating variables: Including digital experience, organisational support, and work culture to examine interactions between variables. 

4. Combining qualitative methods: Complementing the SEM-PLS analysis with in-depth interviews to capture worker perceptions and resistance. 

5. Focusing on sustainability metrics: Integrating green building performance indicators (energy efficiency, water conservation, carbon emissions) to assess the broader impact of technology. 

Therefore, this study concludes that digital transformation in construction is not simply about technology adoption, but rather about how tangible values, SI, work habits, and the suitability of technology to the task can create sustainable behavioural change. 
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Abstract: This research examines the preparedness of individuals in Indonesia’s green building sector to utilise
digital construction technologies, including Internet of Things (IoT), building information modelling (BIM), and
artificial intelligence (AI). The objective is to enhance energy conservation and efficiency. The research integrates
Unified Theory of Acceptance and Use of Technology (UTAUT?2) and Task-Technology Fit (TTF) to develop a model
that assesses the readiness of green construction teams to implement digital tools to enhance energy performance.
The Partial Least Squares Structural Equation Modelling (PLS-SEM) approach is employed to determine reliability,
validity, and structural correlations. The final model accounts for 93.0% of the variance in behavioural intention
(BI), 34.4% in use behaviour (UB), and 44.2% in performance expectancy (PE). Bl is a robust predictor of actual
usage (3 = 0.586, p < 0.001). Social influence (SI) (3 = 1.037, p < 0.001), perceived value (PV) (3 = 1.300, p
< 0.001), PE (3 = 0.181, p = 0.0049), and habit (HB) (5 = 0.283, p = 0.047) all positively affect BI. Conversely,
facilitating situations exert a significant negative impact (3 = -1.584, p < 0.001). When individuals excessively
rely on organisational assistance, they diminish their intrinsic motivation. TTF is a significant predictor of PE (53 =
0.665, p < 0.001); however, it does not directly influence BI. The integration of technology into tasks is primarily
driven by individuals® perceptions of its performance advantages rather than by direct adoption. This study focuses
on the unique requirements of green-construction processes, in which digital technologies contribute to reducing
energy consumption, an approach notably different from prior UTAUT2 + TTF studies. The research presents a
model illustrating how task alignment, performance perceptions, and the evaluation of costs against benefits influence
individuals’ readiness to adopt digital technology in green building project initiatives.

Keywords: Conservation; Digital construction project; Energy efference; Green building; Adoption model; Readiness

1 Introduction

Digitalisation has become an important driver of energy efficiency and resource optimisation in green building
projects [1-3]. Technologies such as the Internet of Things (IoT), Building Information Modelling (BIM), and
artificial intelligence (AI) enable real-time monitoring of energy consumption, automation of building systems, and
improved operational performance in sustainable construction [4-7]. Previous studies indicate that these digital
technologies can significantly enhance environmental performance and reduce energy waste through data-driven
decision-making [8-10].

Despite these technological advances, the successful implementation of digital systems in construction projects
remains strongly dependent on the readiness of the construction workforce [11-14]. The adoption of IoT-based
monitoring systems, BIM-supported planning, and Al-driven analysis requires workers to understand digital processes
and integrate them into daily construction activities. However, many construction organisations continue to face
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