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BIM and AI are becoming increasingly important in construction planning, 

although their adoption among design consultants remains uneven, particularly 

in developing construction markets. This research examines BIM-AI adoption 

through a combined assessment of BIM-AI maturity, technology acceptance, 

organizational and environmental readiness, and importance-performance 

priorities. The research was carried out in three design-consultant organizations 

in Bali, Indonesia: PT MBJ, Formata.id, and PT KASS. Data were obtained from 

30 respondents through a Likert-scale questionnaire. The instrument was 

supported by content validation, pilot testing, and qualitative clarification. The 

results indicate that the three organizations had a high level of BIM-AI maturity, 

with a score of 3.97 out of 5.00. The overall TAM score reached 4.16, while 

adoption readiness scored 4.11, both of which were also in the high category. 

Respondents gave positive ratings to the TOE/implementation factors. The 

performance score was slightly higher than the importance score, 4.20 compared 

with 4.10, which indicates that the current implementation is already performing 

slightly above what respondents considered important. The reliability results also 

support the consistency of the instrument, with Cronbach's alpha values between 

0.905 and 0.975. IPA identified five indicators in the Concentrate Here quadrant, 

mainly related to management support, workflow compatibility, system 

integration, human resource competence, and regulatory support. The study 

provides a practical basis for design consultants to strengthen their BIM-AI 

adoption. Rather than treating digital tools as separate or partial applications, the 

proposed structure helps organizations move toward more integrated, data-

driven, and organization-wide use in construction planning. 

 

INTRODUCTION 

The construction industry is moving through a digital transition, with planning, 

coordination, and decision-making increasingly supported by data-driven and intelligent 

technologies. BIM is no longer limited to three-dimensional modeling but has developed into 

a broader information management system that can support scheduling, cost planning, 

sustainability analysis, and facility management (Bukunova & Bukunov, 2021; Rashidi et al., 

2024; Tanne et al., 2025). At the same time, AI strengthens the use of project information by 

supporting pattern recognition, prediction, automation, and decision-making across the 

construction value chain (Attia, 2025; Khan et al., 2024). When BIM and AI are used together, 
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they can improve design coordination, reduce errors, speed up planning processes, and support 

better decisions in complex construction projects (Pan & Zhang, 2021; Sacks et al., 2018, 2020) 

Despite these potential benefits, the adoption of BIM and AI is still uneven, especially in 

developing construction markets. Previous studies have pointed to several challenges, 

including high initial costs, limited technical capability, weak data standards, lack of training, 

fragmented project workflows, and uncertain organizational readiness (Martilla & James, 

1977; Oh, 2001; Oliveira & Fraga Martins, 2011; Succar, 2009). In Indonesia, BIM use has 

continued to grow, but it is often still focused on basic modeling and visualization. AI, 

meanwhile, is generally used in a more limited and experimental way. This issue is important 

for design consultants because decisions made during the planning stage shape the quality of 

project information, coordination between disciplines, design constructability, and the 

efficiency of later project stages. 

Several studies have examined BIM adoption and AI applications in the construction 

industry. (Succar, 2009) developed a BIM maturity framework that helps organizations 

understand whether BIM use remains isolated at the individual level or has become integrated 

into organizational processes. Sacks et al., (2018) emphasized that BIM provides a 

collaborative information environment that improves visualization, multidisciplinary 

coordination, and design documentation. Chan et al. (2019) identified perceived benefits and 

barriers to BIM implementation, including high costs, lack of standards, and resistance to 

change (Anh et al., 2023; Mtya & Windapo, 2017; Van Roy & Firdaus, 2020). In the Indonesian 

context, Van Roy and Firdaus (2020) found that BIM knowledge and implementation are still 

developing, with barriers related to training, software costs, and client demand. 

Regarding AI, Pan and Zhang (2021) provided a critical review of AI roles in 

construction engineering and management, highlighting applications in prediction, 

optimization, and safety monitoring. Na et al. (2023) used the Technology Acceptance Model 

(TAM) to examine AI adoption in the construction industry across multiple countries, finding 

that perceived usefulness and ease of use significantly influence adoption intentions. Sadiq et 

al. (2021) developed an AI maturity model, noting that organizational learning, data 

management, and leadership support are critical for successful AI integration. However, most 

of these studies examined BIM and AI separately rather than as an integrated system, and few 

focused on design-consultant organizations in developing construction markets (Ahuja et al., 

2020; Chan et al., 2019; Memon et al., 2014; Na et al., 2023). 

Previous studies have discussed BIM maturity, AI applications, and technology 

acceptance in the construction industry. However, limited attention has been given to how BIM 

and AI are adopted together within design-consultant organizations. A purely technical 

assessment is not enough, since digital adoption is influenced not only by the availability of 

software but also by user acceptance, management support, organizational culture, data 

readiness, and external demands. To address this issue, this study uses a combined evaluation 

approach that brings together BIM-AI maturity assessment, TAM, TOE, and IPA. The purpose 

of this study is to understand the current level of BIM and AI implementation and acceptance 

among design consultants, identify the main barriers they face, and develop practical priorities 

for improving digital construction planning. 

The benefits of this research are both theoretical and practical. Theoretically, this study 

contributes to the literature on digital transformation in construction by integrating four 
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complementary perspectives—BIM-AI maturity assessment, the Technology Acceptance 

Model (TAM), the Technology-Organization-Environment (TOE) framework, and 

Importance-Performance Analysis (IPA)—within a single empirical evaluation (Sadiq et al., 

2021; Tornatzky & Fleischer, 1990; Yusoff, 2019). This integrated approach provides a more 

comprehensive understanding of BIM-AI adoption than studies that focus on only one 

dimension, particularly in the context of developing construction markets. Practically, the 

findings offer actionable insights for design consultants to prioritize their digital investments, 

strengthen management support, improve workflow compatibility, develop human resource 

competence, and align with regulatory requirements. The proposed staged implementation 

roadmap helps organizations move from basic BIM use toward integrated, data-driven, and 

organization-wide adoption of BIM and AI in construction planning. Furthermore, the 

evaluation framework can serve as a self-assessment tool for other design-consultant firms 

seeking to benchmark their digital readiness and plan strategic improvements (Davis, 1989; 

Venkatesh et al., 2003). 

BIM provides a collaborative information environment that improves visualization, 

multidisciplinary coordination, clash detection, quantity take-off, and design documentation. 

BIM maturity models help organizations understand whether BIM use remains isolated at the 

individual or project level or has become integrated into organizational processes, standards, 

and information exchange mechanisms. In construction planning, higher BIM maturity is 

associated with improved design coordination, reduced rework, and better alignment between 

design, cost, and schedule information. 

AI can support various construction activities, including prediction, optimization, 

classification, image recognition, natural-language processing, design automation, safety 

monitoring, and project-risk analysis. However, its adoption depends on several conditions, 

such as the quality of available data, digital infrastructure, staff capability, understanding of 

algorithms, organizational trust, and proper governance of data privacy and security [18,19]. 

For this reason, AI maturity is not only about having advanced tools. It also requires 

organizational learning, good data management, leadership support, and alignment with 

existing work processes. 

TAM is used to understand technology acceptance through two main aspects: perceived 

usefulness and perceived ease of use. In this study, TAM helps explain whether users see BIM 

and AI as tools that can improve their work and whether they find these technologies easy 

enough to understand and apply. TOE complements this by looking at adoption from a broader 

perspective, including technological readiness, organizational capability, and external 

environmental pressure. IPA is then used to compare importance and performance so that the 

results can be translated into practical improvement priorities. By combining TAM, TOE, 

maturity assessment, and IPA, this study not only describes the current level of BIM-AI 

adoption but also identifies which areas should be prioritized to support digital transformation 

in construction planning. 
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Table 1. Synthesis of selected literature used to develop the BIM-AI adoption 

framework 

Reference stream Main emphasis Implication for this study 

BIM maturity and 

information 

management [2,8,9]   

BIM evolves from isolated 

modeling into coordinated 

information management and 

multi-dimensional project support 

Maturity indicators must capture 

workflow integration, not only 

software use 

BIM benefits and 

barriers [16–19]     

Benefits include coordination and 

quality improvement, while 

barriers include cost, skill, 

standards, and fragmented 

processes 

The questionnaire should measure 

both perceived value and 

implementation constraints 

AI in construction [4–

7,20]  

AI supports prediction, automation, 

and decision support, but it depends 

on data quality and organizational 

learning 

AI items should be operationalized 

around practical planning tasks 

rather than abstract technological 

capability 

Technology acceptance 

[10,20,23] 

Perceived usefulness and ease of 

use influence user intention and 

acceptance of digital tools 

User acceptance should be 

analyzed separately from 

organizational maturity 

TOE adoption theory 

[11,21] 

Technology adoption is affected by 

technological readiness, 

organizational support, and the 

external environment 

Barriers should be grouped into 

technology, organization, and 

environment dimensions 

IPA priority analysis 

[12,13] 

Importance-performance gaps 

translate stakeholder perception 

into action-oriented quadrants 

The final output should identify 

high-importance/low-performance 

priorities for strategic intervention 

Source: Author's compilation based on literature review [1–23] 

 

The literature synthesis indicates that the adoption of BIM and AI should be examined 

as a socio-technical transformation process. From the technical perspective, BIM and AI 

require interoperable software, reliable data, model quality, and secure information exchange. 

At the user level, BIM and AI adoption depends on the practical value that users experience in 

their daily tasks. The technologies are more likely to be accepted when they help speed up 

work, reduce repetitive activities, improve coordination, and make project information easier 

to access. Ease of use is also important, since tools that are difficult to learn may discourage 

regular use. At the organizational level, successful adoption requires management support, 

training, budget commitment, and readiness to adapt work processes. External factors also play 

a role, including market pressure, client requirements, regulations, and professional standards. 

These different viewpoints support the use of TAM, TOE, maturity assessment, and IPA as an 

integrated evaluation approach in this study. 

 

METHOD 

Research design, case context, and sampling 

In this research, survey responses were used as the main basis for understanding BIM 

and AI adoption in construction planning services. Qualitative input was added to help explain 

the survey results more clearly. The analysis focused on how mature the implementation is, 

how users perceive the technologies, what barriers are still faced, and which indicators need 

more attention based on the importance-performance gap. Qualitative input is then used to 
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refine the indicators, explain the survey results in more detail, and develop recommendations 

that are realistic for management to apply. This design is relevant because adopting BIM and 

AI is not only about introducing software but also about preparing users, adjusting workflows, 

improving data readiness, gaining management support, and responding to client and industry 

expectations. 

The study was conducted in three design-consultant organizations involved in 

construction planning: PT MBJ, Formata.id, and PT KASS. These organizations were chosen 

because BIM has already been introduced or is being developed in their work processes, while 

AI-related practices are beginning to appear in activities such as document review, design 

support, data processing, automation, and decision support. The respondents were 

professionals involved in construction planning, including architects, engineers, BIM 

modelers, BIM coordinators, project managers, and management representatives. They were 

selected purposively so that the data came from people who were familiar with planning 

workflows and the use of digital technology in their work. The main survey involved at least 

30 respondents and was complemented by semi-structured interviews with key informants who 

had knowledge of BIM, AI, and organizational decision-making. 

 

Table 2. Consolidated research design, data sources, and outputs 

Research 

objective 

Evidence and data 

source 
Analytical technique Main output 

Evaluate BIM and 

AI implementation 

and acceptance 

Survey responses from 

planning professionals; 

interview clarification 

from managers, 

architects, engineers, 

and BIM-related roles 

Descriptive statistics 

using BIM-AI maturity 

indicators and TAM 

constructs 

Profile of current 

implementation 

maturity, perceived 

usefulness, and 

perceived ease of use 

Identify adoption 

barriers 

Importance and 

performance scores for 

technological, 

organizational, 

environmental, and 

user-acceptance 

indicators 

TOE-based grouping, 

mean comparison, gap 

analysis, and IPA 

preparation 

Barrier profile across 

technology readiness, 

organizational support, 

external environment, 

and user acceptance 

Prioritize strategic 

improvement 

Integrated survey 

results, IPA quadrants, 

and qualitative 

interpretation from 

interviews 

Importance-

Performance Analysis 

and strategic synthesis 

Priority improvement 

areas and practical 

recommendations for 

design consultants 

Source: Author's elaboration (2025) 

 

Instrument development and measurement structure 

The questionnaire was developed by drawing on four related areas of literature. The first 

relates to BIM and AI maturity, which was used to assess how far digital tools have become 

part of everyday planning work. Second, the Technology Acceptance Model (TAM) is used to 

measure perceived usefulness and perceived ease of use because user acceptance influences 

whether a technology becomes part of routine work. Third, the Technology-Organization-
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Environment (TOE) framework is used to classify implementation barriers into technological 

readiness, organizational capacity, and external environmental pressure. Fourth, Importance-

Performance Analysis (IPA) is used to convert stakeholder perception into prioritized action 

by comparing the importance and performance level of each indicator. 

The instrument uses a five-point Likert scale. For implementation maturity and 

acceptance, respondents assess the level of agreement or condition reflected by each item. For 

the barrier and prioritization analysis, each indicator is assessed using two dimensions: 

importance and performance. The importance score reflects how critical the indicator is for 

successful BIM-AI implementation, while the performance score reflects how well the 

organization currently performs on that indicator. This dual-scale structure enables the study 

to distinguish between issues that are merely weak and issues that are both weak and 

strategically important. 

 

Table 3. Measurement constructs and operational use in the analysis 

Construct Representative indicators Operational use 

BIM and AI 

implementation 

maturity 

BIM modeling, multidisciplinary 

coordination, clash detection, 

information exchange, AI-based 

review, automation, design-support 

use cases 

Measures the actual level of 

digital implementation in 

planning workflows 

Perceived usefulness Efficiency, work quality, speed, 

decision support, error reduction, 

added value for planning outputs 

Explains whether users 

consider BIM and AI 

beneficial for their work 

performance 

Perceived ease of use Ease of learning, usability, 

compatibility with daily tasks, 

workload effect, confidence in using 

digital tools 

Explains whether users 

perceive BIM and AI as 

manageable and acceptable 

TOE technology 

factors 

Software availability, hardware, 

interoperability, data quality, security, 

digital infrastructure 

Identifies technical readiness 

and data-related constraints 

TOE organizational 

factors 

Management support, training, 

human-resource competence, 

workflow standards, culture, budget, 

leadership commitment 

Identifies internal 

organizational enablers and 

barriers 

TOE environmental 

factors 

Client demand, regulation, industry 

standards, market pressure, competitor 

adoption, supply-chain readiness 

Identifies external drivers and 

constraints influencing 

adoption 

Source: Author's elaboration based on TAM [10,23], TOE [11,21], and IPA [12,13] frameworks 

 

Validation, survey implementation, and analytical procedure 

Before the main survey, the instrument is reviewed through content validation. Expert 

judgment is used to assess whether each item is relevant, clear, and consistent with the intended 

construct. The Content Validity Index (CVI) was used to measure the level of agreement among 

experts. The CVI score for each item helped determine whether a statement could be kept, 

revised, or removed. Once the content validation was completed, the questionnaire was tested 
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through a pilot study to review item clarity, respondent understanding, and early internal 

consistency. In the main data set, item validity was checked using item-total correlation, and 

reliability was examined with Cronbach’s alpha. Any item or construct that did not meet the 

required standard was refined before the results were interpreted. 

The main analysis proceeds in four steps. First, respondent characteristics are 

summarized to describe the professional background of the sample. Second, descriptive 

statistics are calculated for each construct and indicator to identify the current level of BIM-AI 

maturity, perceived usefulness, perceived ease of use, and adoption barriers. Third, Importance 

and performance scores were calculated for each indicator and then plotted to form the IPA 

quadrants. The results from the survey were further supported by interview findings, which 

helped explain the meaning behind the numerical scores. By combining both sources of 

evidence, the final recommendations were developed not only from ranking results but also 

from the practical context experienced by professionals in design-consultant environments. 

 

Table 4. Analytical protocol and quality-control criteria 

Analysis phase Input data Quality-control criterion Reported output 

Content validation Expert rating of item 

relevance and clarity 

I-CVI used to identify 

items requiring revision or 

retention 

Validated item 

structure for the main 

questionnaire 

Pilot and main 

survey testing 

Pilot responses and main 

survey responses 

Item-total correlation and 

Cronbach's alpha were 

used to check validity and 

reliability 

Reliable constructs and 

refined indicators 

Descriptive analysis Likert-scale scores for 

maturity, TAM, and 

TOE indicators 

Mean, standard deviation, 

frequency, and percentage 

interpretation 

Implementation and 

acceptance profile 

IPA prioritization Mean importance and 

performance values for 

each indicator 

Quadrant classification 

based on overall mean 

values 

Priority map: 

concentrate here, keep 

up the good work, low 

priority, possible 

overkill 

Strategic synthesis IPA priorities supported 

by interview evidence 

and document review 

Consistency between 

quantitative priority and 

qualitative explanation 

Actionable 

recommendations and 

implementation 

roadmap 

Source: Author's elaboration based on Creswell (2014) and Yusoff (2019) 

 

Strategy formulation and methodological integration 

The final stage uses the analytical results as the basis for developing strategic 

recommendations for construction planning consultants. Indicators that fall into the high-

importance and low-performance quadrant are placed as immediate priorities, since they show 

areas that are considered important but still need improvement. Indicators with both high 

importance and high performance are treated as strengths that should be maintained. 
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Meanwhile, low-importance indicators are interpreted more carefully, so that organizations do 

not allocate too much effort or investment to areas with limited influence on adoption. The 

recommendations are grouped into four managerial areas: digital infrastructure and data 

governance, workflow standardization, user capability development, and organizational policy 

support. 

The method combines quantitative and qualitative evidence so that the results are not 

based only on survey scores. The survey shows the general pattern across respondents, while 

the interviews help explain why the pattern appears and what kind of improvement is realistic 

within the organization. This is especially important for AI adoption. Some organizations may 

already use BIM in a more structured way, but still face uncertainty about how AI should be 

applied, what data are needed, who is responsible, how ethical issues should be managed, and 

how benefits can be measured. For this reason, the method is designed not only to describe the 

current level of adoption but also to support a staged implementation plan. The process can 

begin with stabilizing BIM workflows, improving data readiness, testing AI through limited 

pilot projects, and gradually integrating AI into wider organizational practices. 

 

 
Figure 1. Integrated methodological framework linking TOE, TAM, BIM-AI maturity, and 

IPA-based strategy formulation 

Source: Author's elaboration (2025) 

Confidentiality was maintained by reporting the data at the group level rather than at the 

individual level. Respondent identities, project details, and sensitive company information 

were not included in the results. The study was also limited to evaluating BIM and AI adoption 

and preparing strategic recommendations for planning-consultant organizations. It did not 

develop AI models or directly assess construction-site performance. With this scope, the 

framework can be used as an internal review tool and repeated as BIM and AI practices become 

more established. 

 

RESULTS AND DISCUSSION 

Integrated evaluation framework and interpretation logic 

The survey involved 30 respondents from design-consultant organizations and resulted 

in an overall BIM-AI maturity score of 3.97 out of 5.00, or 79.44%. This indicates that digital 

technology has already been used in construction planning activities, although its maturity 

varies between BIM and AI applications. BIM-related functions showed stronger 

implementation, particularly clash detection (X1.3 = 4.23), interdisciplinary BIM coordination 

(X1.2 = 4.10), and design modeling (X1.1 = 4.00). AI adoption appears to be less mature than 

BIM adoption. This can be seen from the lower scores for AI use in design analysis or data 

processing (X1.4 = 3.73), integrated BIM-AI planning (X1.6 = 3.87), and AI’s contribution to 
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planning efficiency (X1.5 = 3.90). In other words, BIM has become a more familiar part of 

daily planning work, whereas AI is still developing as a practical tool within the organizations. 

Technology acceptance is also high. The overall TAM score is 4.16 out of 5.00, with 

perceived usefulness (4.23) higher than perceived ease of use (4.09). The highest acceptance 

scores are related to work efficiency (X2.1.1 = 4.30), making work easier (X2.2.4 = 4.30), 

accelerating work processes (X2.1.3 = 4.27), and adding value to work (X2.1.5 = 4.27). The 

score for ease of learning was 3.80, which shows that this area still needs attention. 

Respondents may already see the benefit of BIM-AI, but learning how to use the tools in daily 

planning work is not always simple. This means that practical training, clearer guidance, and 

easier user support are still needed before BIM-AI can be used more regularly. This is 

consistent with the technology acceptance perspective, which explains that people are more 

likely to use digital tools when they find them useful and easy to apply in daily work [10,20,23]. 

Therefore, training, user guidance, and practical usability support are still needed so that 

positive perceptions can develop into consistent adoption. 

 

Table 5. Summary of BIM-AI maturity, TAM, TOE, and readiness scores 

Construct / metric 
Mean 

score 

Score 

% 
Category 

Cronbach 

alpha 
Interpretation 

BIM-AI maturity 3.97 79.44 High 0.905 
BIM use is stronger than 

AI and BIM-AI integration. 

Perceived usefulness 4.23 84.67 Very high 0.947 

Users perceive BIM-AI as 

beneficial for work 

performance. 

Perceived ease of use 4.09 81.73 High 0.920 
Ease of learning and use 

still requires support. 

Overall TAM 

acceptance 
4.16 83.20 High 0.960 Overall acceptance is high. 

TOE/ implementation 

importance 
4.10 81.93 High 0.967 

Implementation factors are 

considered important. 

TOE/ implementation 

performance 
4.20 84.04 Very high 0.975 

Current performance 

slightly exceeds 

importance overall. 

Overall adoption 

readiness 
4.11 82.23 High - 

The organization-level 

readiness profile is high. 

Source: Primary survey data analysis using SPSS (2025) 

 

TOE implementation factors and reliability interpretation 

The TOE-related implementation factors show a balanced pattern between importance 

and performance. The overall importance score is 4.10, while the overall performance score is 

4.20. This indicates that respondents perceive technology, organizational, environmental, 

usefulness-related, and ease-of-use-related factors as important, while also reporting that 

organizational performance on these factors is generally adequate. Among the performance 

results, perceived usefulness had the highest score at 4.32. This was followed by perceived ease 

of use at 4.23, environmental pressure at 4.18, technology readiness at 4.17, and organizational 

capability at 4.15. The pattern shows that respondents already recognize the practical value of 

BIM-AI. However, organizational capability still needs closer managerial attention, especially 

in relation to internal support, resources, and readiness to manage change. 
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The reliability check showed that the questionnaire items worked consistently across the 

main scales. Cronbach’s alpha reached 0.905 for BIM-AI maturity, 0.960 for TAM, 0.967 for 

TOE/implementation importance, and 0.975 for TOE/implementation performance. These 

results show that the items within each scale were strongly related to one another. Therefore, 

the data can be used for descriptive interpretation and for identifying improvement priorities 

through IPA. 

Table 6. TOE group scores and reliability summary 

Group/ scale 
Importance 

mean 

Performance 

mean 

Gap (I-

P) 
Interpretation 

X3.1 Technology readiness 4.14 4.17 -0.03 High performance 

X3.2 Organizational capability 4.06 4.15 -0.09 High performance 

X3.3 Environmental pressure 4.09 4.18 -0.09 High performance 

X3.4 Perceived usefulness 

drivers 

4.08 4.32 -0.24 Very high 

performance 

X3.5 Perceived ease-of-use 

drivers 

4.12 4.23 -0.11 Very high 

performance 

Reliability: BIM-AI maturity - - - Cronbach alpha = 

0.905 

Reliability: overall TAM - - - Cronbach alpha = 

0.960 

Reliability: implementation 

importance 

- - - Cronbach alpha = 

0.967 

Reliability: implementation 

performance 

- - - Cronbach alpha = 

0.975 

Source: Primary survey data analysis using SPSS (2025) 

 

IPA quadrant results and priority ranking 

The IPA mapping used the grand mean scores for importance and performance as the 

quadrant cut-off points, with values of 4.10 and 4.20, respectively. Based on this mapping, five 

indicators were placed in Quadrant I, or the Concentrate Here quadrant. Nine indicators were 

categorized in Quadrant II, four in Quadrant III, and one in Quadrant IV. Since the average 

performance score was slightly higher than the average importance score, the results do not 

point to a major implementation gap. Instead, the IPA results highlight specific areas that still 

need attention because their performance remains slightly below the overall benchmark, even 

though respondents considered them important. 

The five Concentrate Here indicators are management support (X3.2.1), compatibility 

between BIM-AI technology and existing work systems (X3.1.3), integration of BIM and AI 

systems in the company workflow (X3.1.4), government regulatory support for BIM 

implementation (X3.3.3), and human-resource competence in BIM-AI use (X3.2.3). These 

indicators should not be interpreted as weak in absolute terms because their mean scores remain 

high. Rather, they represent relative priority areas that require further strengthening to ensure 

that current digital practices can develop into systematic organizational capability. IPA is 

useful in this context because it translates perception-based importance and performance scores 

into managerial priorities. 
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Table 7. IPA priority ranking for Concentrate Here indicators 

Rank Code Indicator Importance Performance Gap (I-P) 
Recommended 

response 

1 X3.2.1 
Management 

support 
4.20 4.20 0.00 

Strengthen formal 

management 

commitment, budget 

allocation, and BIM-AI 

governance. 

2 X3.1.3 

Compatibility 

with existing 

workflow 

4.10 4.10 0.00 

Improve 

interoperability and 

align BIM-AI tools 

with existing planning 

workflows. 

3 X3.1.4 

Integrated 

BIM-AI 

systems in 

workflow 

4.10 4.13 -0.03 

Develop integrated 

BIM-AI workflow 

protocols and shared 

data procedures. 

4 X3.3.3 

Government 

regulatory 

support 

4.10 4.13 -0.03 

Align internal 

standards with 

government BIM 

guidance and digital-

deliverable 

requirements. 

5 X3.2.3 

Human-

resource 

competence 

4.10 4.20 -0.10 

Provide role-based 

training in BIM 

coordination, AI 

literacy, and data 

management 

competence. 

Source: Primary survey data analysis (2025) 

 

Discussion and strategic implications for design consultants 

The empirical results show that BIM-AI adoption among the observed design consultants 

is not starting from a low baseline. Respondents report high maturity, high acceptance, high 

implementation importance, and high implementation performance. However, the pattern of 

results also shows that BIM is more mature than AI. BIM is already used for modeling, 

coordination, and clash detection, while AI-related planning applications still require clearer 

use cases, stronger data readiness, and user capability development. This finding suggests that 

BIM can serve as the main foundation for managing project information. AI, on the other hand, 

still depends on reliable digital data and organizational learning before it can function 

consistently as a decision-support tool. 

The improvement process should begin with the systems that are already used in daily 

work. BIM workflows need to be made more consistent first, for example through agreed 

modeling rules, coordination routines, revision control, and regular model checks. The 

organization can then focus on making project data clearer and easier to access by setting 

consistent naming rules, using shared data environments, preparing object libraries, and 

defining access and editing rights for specific information. Once the BIM workflow and project 

data are more stable, AI can be tested in limited but useful areas, such as checking documents, 

searching design standards, supporting quantity reviews, or finding lessons learned from past 
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projects. Over time, these practices should be supported by clear responsibilities, regular 

training, management review, and IPA-based monitoring. In this way, BIM-AI adoption can 

grow gradually with the organization’s routines and external requirements, as suggested by the 

TOE perspective. 

Table 8. Updated staged BIM-AI implementation roadmap based on questionnaire 

results 

Stage Empirical basis Main action Performance signal 

1. BIM workflow 

stabilization 

BIM indicators are 

stronger than AI 

indicators 

Standardize modeling, 

coordination, clash 

detection, and revision-

control procedures 

Consistent BIM 

outputs across 

projects and 

disciplines 

2. Data readiness 

and interoperability 

X3.1.3 and X3.1.4 fall 

into Concentrate Here 

Develop shared data 

environment, naming rules, 

object libraries, and 

interoperability standards 

Reusable and reliable 

digital information 

for planning and 

analytics 

3. User capability 

and AI literacy 

Ease of learning is the 

lowest TAM item and 

HR competence is a 

priority 

Provide role-based BIM-

AI training, mentoring, 

internal use-case 

demonstrations, and 

helpdesk support 

Higher confidence, 

lower learning 

difficulty, and 

broader daily use 

4. Governance and 

management 

support 

Management support is 

the first IPA priority 

Assign responsible roles, 

approve implementation 

budgets, and monitor BIM-

AI KPIs 

Digital adoption 

becomes 

organizational rather 

than individual 

5. Regulatory and 

client alignment 

Regulatory support 

appears in Concentrate 

Here 

Align internal deliverables 

with public BIM guidance, 

client requirements, and 

contractual digital 

standards 

Better readiness for 

digital-deliverable 

requirements 

Source: Author's synthesis based on questionnaire results (2025) 

 

Implications and limitations 

For construction-management practice, the findings offer a practical basis for setting 

BIM-AI adoption priorities. Since the overall performance score is slightly higher than the 

importance score, the main issue is no longer awareness of digital technology, but how to make 

its use more consistent within the organization. This means that design consultants should not 

treat BIM-AI adoption simply as a matter of purchasing or introducing software. The more 

important task is to turn positive user acceptance into standard workflows, reliable data 

structures, clear governance, and practical AI applications that can support daily planning 

work. 

This study involved 30 respondents from three design-consultant organizations in Bali, 

so the results should be understood within that specific context. The findings give insight into 

the selected firms, rather than representing all construction-planning consultants. Future studies 

could include more organizations, compare firms with different levels of digital maturity, and 

see whether the same maturity–TAM–TOE–IPA framework produces similar priorities in other 

regions, project types, or organizational settings. 
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CONCLUSION 

This study evaluated BIM and AI adoption in construction planning by integrating BIM-

AI maturity assessment, TAM, TOE, and IPA. Based on questionnaire data from 30 

respondents, the overall BIM-AI maturity score is 3.97, the overall TAM score is 4.16, and the 

overall adoption-readiness score is 4.11, indicating a high level of readiness among the 

observed design consultants. The implementation-factor results were positive, with importance 

and performance scores of 4.10 and 4.20. The slightly higher performance score suggests that 

current BIM-AI practices are generally in line with, or slightly above, what respondents 

considered important. The instrument also showed strong reliability, with Cronbach’s alpha 

values above 0.90 across the main scales. Based on the IPA results, five indicators need priority 

attention: management support, workflow compatibility, integrated BIM-AI systems, 

regulatory support, and human-resource competence. These findings indicate that the next 

phase of BIM-AI adoption should place more attention on governance, system interoperability, 

data readiness, role-based training, and alignment with digital-deliverable requirements. The 

maturity–TAM–TOE–IPA framework can therefore be used as a practical basis for assessing 

digital readiness and planning BIM-AI implementation in stages for design consultants. 
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