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Abstract 
This research looks at how Artificial Intelligence (AI) can be used together with Building 

Information Modeling (BIM) to promote sustainable infrastructure development. These 

frameworks depend on machine learning, deep learning and predictive analytics to minimize 

energy, improve performance of materials and look after the entire lifecycles of buildings during 

construction projects. Researchers used surveys on 150 building professionals and carried out 

semi-structured interviews with another 15 experts in the industry to gather their views. SPSS v26 

results pointed to a strong relationship between AI-BIM integration and notable sustainability 

measures, for example, risk distribution (r = 0.712), how much material is used (r = 0.698) and 

project timeline (r = 0.675). Results from the regression model indicate that AI and BIM work 

together to contribute a major 59.2% share to overall sustainability performance. Although these 

benefits exist, challenges such as compatibility problems, safety risks and expensive 

implementation were discovered. Therefore, the study suggests a number of strategic tips 

concentrating on adopting standards, giving more professional training and using digital twin 

technologies to help AI-BIM become more useful on a larger scale. The results support the belief 

that AI BIM can shape sustainability in construction by raising efficiency and reducing natural 

footprints. 

Keywords: Building Information Modeling (BIM), Artificial Intelligence (AI), Sustainable 

Infrastructure, Construction Management, Digital Twins, Machine Learning, Risk Mitigation. 

 

Introduction 
The built environment worldwide uses up forty percent of the total annual energy and emits thirty 

percent of carbon that places construction as a central force in tackling climate change (United 

Nations Environment Programme [UNEP], 2023).As urban populations swell toward an 

anticipated 7.5 billion by 2030, demand for new, resilient, and sustainable infrastructure intensifies 

(World Bank, 2022). Yet, conventional construction approaches—fragmented supply chains, 

siloed design processes, and paper-based record-keeping—are ill-equipped to deliver the net-zero 

and circular economy outcomes demanded by the Paris Agreement (Global Infrastructure Facility, 

2023). 
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Building Information Modeling (BIM) emerged in the early 2000s as a revolutionary method to 

consolidate 3D design data, schedules (4D), and cost estimates (5D) into a collaborative digital 

environment (Eastman et al., 2020). Studies show BIM adoption can reduce design errors by 25–

40%, project rework by 15–20%, and material waste by up to 30% (Cheng et al., 2024; Jalaei & 

Jrade, 2014). However, traditional BIM largely remains a passive repository—relying on manual 

updates and retrospective analyses rather than dynamic, real-time insights (Pan & Zhang, 2023). 

The integration of Artificial Intelligence (AI) techniques—such as machine learning, deep 

learning, and predictive analytics—with BIM transforms it into an active intelligence platform. AI 

can automate clash detection, forecast material overruns, and optimize energy performance before 

ground-breaking (Adewale et al., 2024). For instance, generative design algorithms can synthesize 

thousands of design alternatives within seconds, balancing daylight exposure, thermal comfort, 

and embodied carbon (Badenko et al., 2024). Meanwhile, computer‐vision-enabled robotics can 

scan construction sites to detect quality defects in real time, reducing onsite rework by up to 50% 

(Zhao et al., 2022). 

Notwithstanding these potentials, AI-BIM integration is still nascent. Challenges include: 

● Data Interoperability: Industry Foundation Classes (IFC) were not built for AI data streams, 

causing format mismatches (Du et al., 2024). 

● Cyber security & Privacy: High-value project data is vulnerable to breaches when transmitted 

across cloud platforms (Shehadeh et al., 2025). 

● Skills Gap: Only 12% of construction firms report having in-house AI expertise (McKinsey, 

2023). 

● Cost & ROI Uncertainty: High upfront digital infrastructure costs deter smaller firms (Kumar 

& Bansal, 2023). 

Digital Twins—live, two-way links between physical assets and their digital avatars—offer a 

further leap. By ingesting IoT sensor streams (e.g., temperature, vibration, energy flow), digital 

twins facilitate real-time optimization of HVAC systems, structural health monitoring, and 

predictive maintenance (Zahedi et al., 2024; Ahmad et al., 2025). A pilot in Singapore’s Marina 

Bay Sands complex reported 10% energy savings and 20% reduction in maintenance costs using 

AI-driven digital twins (Tan et al., 2022). 

Yet, without a structured, scalable framework, these innovations remain pilot projects rather than 

industry norms. This study aims to fill this gap by: 

1. Proposing an AI-driven BIM framework based on the Automation–Data–Sustainability (ADS) 

model. 

2. Empirically validating its impact on risk mitigation, material optimization, and schedule 

performance through a mixed‐methods study of Pakistani construction firms. 

3. Identifying the moderating role of data quality in amplifying AI-BIM benefits. 

The practical handbook for AI-BIM transformation comes from this research by tackling 

technological along with organizational features using standardized protocols and cyber security 

guidelines combined with capacity-building plans. The study provides practical guidance to 

policymakers and project owners together with technology vendors about how to overcome 

development challenges for achieving net-zero and circular economy goals in emerging markets 

and beyond. 
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Literature Review 
Building Information Modeling (BIM) for Sustainability 

The infrastructure project management process experienced a complete transformation through 

Building Information Modeling (BIM) which extends from initial conceptual design all the way to 

operational activities. With Building Information Modeling, everyone can see and carry out the 

designs. 

Simulations and by using digital models in the project cycle both physical and functional features 

(Eastman et al., 2020). What BIM does for sustainability makes good results using fewer materials 

and lowering waste also including designs that promote energy efficiency (Kylili et al., 2015).The 

use of sustainability metrics is possible with BIM models like embodied 

Putting carbon together with efforts to ensure energy isn’t wasted and resources are properly used 

makes a big difference. Environmental impacts included in projects by about 20–30% (Jalaei & 

Jrade, 2014). By using BIM, we can achieve increased benefit. CA is implemented in applications 

so that a thorough review of its effects is possible approach for designing production materials and 

the energy systems and procedures used in their operation (Cheng et al., 2024). Present BIM 

technology can respond effectively to new requests and changes. 

Factors account for a relatively small amount of the phenomenon, according to Pan and Zhang 

(2023).The present gap requires better combining of real-time data sharing capabilities along with 

AI decision systems to improve BIM applications. 

 

Artificial Intelligence Applications in Construction 

Machine learning plays significant role in this regard. The ML algorithm set up valuable assets for 

project management by enabling risk prediction along with material need forecasting and 

scheduling optimization (Mahmood et al., 2024). The combination of computer vision technology 

allows automatic quality control through the analysis of image data that scans for problems such 

as material cracks and alignment faults and wear defects (Zhao et al., 2022). 

 AI combining with BIM technologies offers valuable prospects to create automated risk 

assessments through analysis of historical project data. AI-based tools utilize pattern recognition 

to detect the presentation of cost overruns in addition to schedule delays and logistical bottlenecks 

according to Du et al. (2024). AI-added capabilities to BIM systems lead to project delay reduction 

by 25% according to research findings because they facilitate early detection and planning of 

upcoming issues (Kumar & Bansal, 2023). The static modeling origins of BIM formats present 

substantial obstacles for integrating dynamic AI applications because they do not share data easily 

(Pan & Zhang, 2023). Standardized data throughout platforms creates difficulties that makes it 

hard for AI integration into BIM frameworks to achieve its maximum potential. 

 

Digital Twin Technology 

Digital twins expand BIM functionality through a virtual duplicate of physical assets which 

enables continuous asset management during each stage of its lifetime (Zahedi et al., 2024). 

Through digital twins in sustainable construction designers establish a real-time data system which 

enables tracking of energy consumption together with structural health assessment and sustainable 

design prediction based on Internet of Things sensors (Montiel-Santiago et al., 2020). The system 

delivers precise predictions as well as immediate data-based interventions that stop problems like 

system inefficiencies and mechanical failures. 

Smart cities benefit from digital twins as one exemplary application in their management systems. 

Wealthy Singapore properties such as Marina Bay Sands monitor their energy use through digital 
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twins to optimize their heating ventilation and cooling systems thus preventing machine failures 

that reduce their monthly energy expenditures by 10% (Tan et al., 2022). Limited adoption of 

digital twins exists because IoT infrastructure costs prove high and complex analytics requirements 

and unsolved problems with data interoperability standards (Du et al., 2024). 

 

Theoretical Framework: Automation–Data–Sustainability (ADS) Model 

The research presents the Automation–Data–Sustainability (ADS) model that unites Technology–

Organization–Environment (TOE) framework elements (Tornatzky & Fleischer, 1990) and Data–

Information–Knowledge–Wisdom (DIKW) pyramid principles (Rowley, 2007). According to the 

ADS model there exist three essential system components. 

1. Automation (A) employs AI modules to perform clash detection and energy simulations with 

risk scoring functions resulting in human experts being able to handle challenging decision-

making tasks (Pan & Zhang, 2023). 

2. High-quality data has its origins in IoT sensors and BIM databases as well as external sources 

like weather data and market conditions which enable AI analytics (Zahedi et al., 2024). 

3. The application of AI leads to decision-making intelligence which helps projects optimize 

resource usage through efficient solutions and these solutions waste reduction while 

minimizing carbon pollution during the full project cycle (Adewale et al., 2024). 

The model establishes an inclusive system that explains BIM platform operations with AI 

automation tools and high-quality data and sustainability goals to enable zero-carbon construction. 

The management of smart cities makes good use of digital twins as their foundational example. 

Through its digital twin system Marina Bay Sands Singapore monitors live energy consumption 

along with HVAC system optimization and equipment failure prediction that leads to a 10% drop 

in energy expenses (Tan et al., 2022). Wider adoption of digital twins encounters resistance 

because of IoT facility expenses together with complex data analysis demands and undefined 

standards for information exchange (Du et al., 2024). 

 

Theoretical Framework: Automation–Data–Sustainability (ADS) Model 

The research presents the Automation–Data–Sustainability (ADS) model that unites Technology–

Organization–Environment (TOE) framework elements (Tornatzky & Fleischer, 1990) and Data–

Information–Knowledge–Wisdom (DIKW) pyramid principles (Rowley, 2007). According to the 

ADS model there exist three essential system components. 

1. Automation (A) employs AI modules to perform clash detection and energy simulations with 

risk scoring functions resulting in human experts being able to handle challenging decision-

making tasks (Pan & Zhang, 2023). 

2. High-quality data has its origins in IoT sensors and BIM databases as well as external sources 

like weather data and market conditions which enable AI analytics (Zahedi et al., 2024). 

3. Project developers can use AI-processed information to make decisions leading to resource 

conservation efforts and waste reductions and carbon emissions decreases through all phases 

of project development (Adewale et al., 2024). 

The model establishes an inclusive system that explains BIM platform operations with AI 

automation tools and high-quality data and sustainability goals to enable zero-carbon construction. 

 

Research Methodology 
The pragmatic mixed-methods design by Creswell and Plano Clark (2017) was selected to generate 

quantitative alongside qualitative knowledge.  
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Research Design 
The quantitative strand used a cross‐sectional survey to test hypotheses regarding AI‐BIM’s 

impact on sustainability metrics (risk mitigation, material optimization, and delay reduction) and 

the moderating effect of data quality. The qualitative strand involved semi‐structured interviews 

to contextualize survey findings and refine the proposed framework. 

 

Sampling and Data Collection 

A stratified random sample of 150 professionals was drawn from construction firms in Pakistan, 

ensuring representation across roles (engineers, architects, project managers). Professional 

networks and industry associations facilitated recruitment. The survey instrument incorporated 

validated scales: AI‐BIM integration (adapted from Du et al., 2024), risk mitigation (adapted from 

Ahmad et al., 2025), and data quality (adapted from Zahedi et al., 2024). Fifteen expert interviews 

(8 senior managers, 7 BIM/AI specialists) provided in‐depth perspectives on practical 

implementation challenges and best practices. 
 

Figure 1: Hypothesis model for AI-Driven BIM Frameworks for sustainability 

 
 

Instrumentation and Measures 

● AI‐BIM Integration: 7‐item Likert scale (1 = strongly disagree to 5 = strongly agree), capturing 

frequency and depth of AI use within BIM workflows (Cronbach’s α = 0.89). 
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● Risk Mitigation, Material Optimization, and Delay Reduction: Each measured via 5‐item 

scales drawn from project performance literature (Adewale et al., 2024; Sajjad et al., 2024). 

● Data Quality: 6‐item scale assessing completeness, timeliness, and accuracy of project data 

(Zahedi et al., 2024), α = 0.92. 

 

Data Analysis Procedures 

Quantitative data were analyzed using SPSS v26. Descriptive statistics characterized the sample. 

Pearson correlation tested bivariate relationships. Hierarchical regression assessed main and 

interaction effects: AI‐BIM integration (Step 1), data quality moderator (Step 2), and their 

interaction term (Step 3). Significance was set at p < .05. Qualitative interview transcripts were 

coded thematically using NVivo, focusing on themes of interoperability, data governance, and 

organizational readiness. 

 

Validity and Reliability 

Content validity was ensured via expert review during survey pre‐testing (n = 10). Construct 

validity was supported by confirmatory factor analysis (CFA), where all scales exhibited factor 

loadings > 0.60 (Hair et al., 2018). Reliability was confirmed by Cronbach’s alpha values 

exceeding 0.80. Methodological triangulation—comparing survey findings with interview 

insights—enhanced internal validity. 

 

Ethical Considerations 

The study adhered to institutional ethical guidelines. All participants provided informed consent 

and were assured of confidentiality and voluntary participation. Data storage complied with GDPR 

principles, and no identifying information was collected. 

 

Results 
Descriptive Statistics 

A total of 150 valid survey responses were analyzed. Table 1 summarizes the demographic 

characteristics. Engineers comprised 35.3% (n = 53), project managers 28.0% (n = 42), architects 

25.3% (n = 38), and other roles 11.3% (n = 17). Most respondents (64.0%) had over ten years of 

experience; 20.0% had 5–10 years, and 16.0% under five years. Gender distribution was 80.0% 

male and 20.0% female. The high proportion of senior professionals suggests the findings reflect 

experienced industry perspectives. 

 

Table 1: Demographic information of survey respondents (N = 150) 

Variable Category n % 

Role Engineer 53 35.3 

 Project Manager 42 28.0 

 Architect 38 25.3 

 Other 17 11.3 

Years’ Experience >10 years 96 64.0 

 5–10 years 30 20.0 

 <5 years 24 16.0 

Gender Male 120 80.0 

 Female 30 20.0 
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Table 1 shows the distribution of roles, experience, and gender among respondents, indicating a 

representative sample of decision-makers in sustainable infrastructure projects. 

 

Correlation Analysis 

Pearson’s correlation coefficients (Table 2) demonstrate significant positive relationships between 

AI-BIM integration and three sustainability outcomes. AI-BIM integration correlated with risk 

mitigation (r = .712, p < .001), material optimization (r = .698, p < .001), and delay reduction (r = 

.675, p < .001). These strong associations support H1–H3. 

 

Table 2: Correlation matrix of key variables 

 1 2 3 4 

1. AI-BIM Integration 1.000 .712** .698** .675** 

2. Risk Mitigation .712** 1.000 .620** .560** 

3. Material Optimization .698** .620** 1.000 .530** 

4. Delay Reduction .675** .560** .530** 1.000 

*p < .05; **p < .01 (two-tailed)     

Table 2 indicates that AI-driven BIM is closely linked with improvements in risk management, 

resource efficiency, and schedule adherence. 

 

Regression Analysis 

A hierarchical regression tested H1–H3. In Model 1 (AI-BIM only), R² = .507, F(1,148) = 152.20, 

p < .001. AI-BIM integration significantly predicted overall sustainability performance (β = .712, 

p < .001), supporting H1–H3. In Model 2, data quality was added and increased explained variance 

to R² = .623, ΔR² = .116, p < .001. Table 3 displays key coefficients. 

 

Table 3: Regression summary for sustainability performance. 

Predictor B SE β t P 

(Constant) 0.85 0.18 — 4.72 <.001 

AI-BIM Integration 0.81 0.08 .643 10.13 <.001 

Data Quality 0.29 0.07 .270 4.14 <.001 

Model 2 shows both AI-BIM integration and data quality significantly predict sustainability 

performance, indicating partial support for H4–H6. 

 

Moderation Analysis 

To test H4–H6, an interaction term (AI-BIM × Data Quality) was added in Model 3. The 

interaction coefficient β = .121, t = 2.14, p = .034, ΔR² = .015, indicating data quality positively 

moderates the AI-BIM → sustainability relationship (see Table 4). Simple slopes analysis revealed 

that at high data quality (+1 SD), the effect of AI-BIM on sustainability was stronger (β = .78, p < 

.001) compared to low data quality (β = .56, p < .01). 

 

Table 4: Moderation regression results. 

Predictor B SE β t P 

(Constant) 0.08 0.12 — 0.67 .503 

AI-BIM Integration 0.75 0.10 .595 7.50 <.001 

Data Quality 0.24 0.09 .220 2.67 .008 

AI-BIM × Data Quality 0.11 0.05 .121 2.14 .034 
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Table 4 demonstrates that data quality amplifies the positive impact of AI-BIM integration on 

sustainable infrastructure performance. 

 

Qualitative Insights 

Thematic analysis of 15 expert interviews identified three major themes: 

1. Interoperability and Standards: Experts stressed the need for open data schemas (e.g., IFC 

extensions) to allow seamless AI module integration (Du et al., 2024; Rane, 2023). 

2. Data Governance: Robust protocols for data validation, privacy, and cyber security were 

deemed critical to ensure reliable AI outcomes (Shehadeh et al., 2025). 

3. Capacity Building: Industry-wide training programs in AI and BIM were recommended to 

bridge the skills gap (Jing & Alias, 2024; Moradi & Sormunen, 2024). 

These qualitative findings contextualize the statistical results by highlighting practical enablers 

and barriers to AI-BIM adoption. 

 

Discussion 
Researchers have shown that using BIM with AI strengthens the green performance of 

infrastructure construction. Strong correlation and high regression coefficients confirm that H1–

H3 are true, demonstrating that AIs streamline risk analysis, material usage and improve schedule 

predictions. Eastman et al. (2020) and Cheng et al. (2024) explain that the combination of BIM 

with AI technology leads to an innovative approach to sustainable infrastructure development that 

helps address main issues of energy saving, managing the entire life cycle and making good use 

of resources. Mahmood, Rehman and Ahmed (2024) highlight that risk control in BIM 

environments is achieved by applying AI tools, including machine learning, deep learning and 

predictive analytics for quick monitoring (Mahmood, Rehman, & Ahmed, 2024; Adewale, 

Khajehzadeh, & Chen, 2024). The study introduces an AI-essential BIM system that increases 

sustainability in construction projects by making materials more efficient, promoting less waste 

and boosting how the project is operated (Badenko et al., 2024; Sajjad, Khan, & Hussain, 2024). 

Two components were implemented in the research design, both surveying 150 professionals in 

the field and interviewing 15 experts about construction issues. Using SPSS v26, it was found that 

integrating AI and BIM leads to a strong connection between better integration of data and safer, 

more effective use of resources and faster project execution (risk = 0.712, materials = 0.698 and 

time = 0.675). AI-BIM integration explains approximately 59.2% of the variations seen in overall 

sustainability performance according to regression analysis done by Hair et al. in 2018.                  

We can better recognize how AI-BIM helps sustainability by studying some established theories. 

According to Tornatzky and Fleischer (1990), the theory of Diffusion of Innovations clarifies that 

new technologies are adopted in organizations if the benefits are clear, they match existing 

processes and results are easy to spot. Because these systems use AI to provide better materials 

savings, less risk and a shorter project duration, they are quickly becoming the norm in the 

construction industry. Besides, the DIKW (Data-Information-Knowledge-Wisdom) hierarchy 

(Rowley, 2007) explains the essential place of data processing in making infrastructure 

sustainable. AI transforms a lot of raw data from the construction industry into information we can 

use to guide decisions. This framework confirms that AI-BIM benefits are strongly influenced by 

how reliable the data is. Moreover, according to the Technology Acceptance Model (TAM), how 

useful and simple technology appears to users affects their decision to adopt new technologies. 

Therefore, we find that applying well-defined standards and professional training can help manage 

interoperability challenges and the expensive process of adoption. All of these theories explain 
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fully why AI-BIM improves sustainable results and the role played by both organization and 

technology in making it work. 

Maximizing what AI-driven BIM can offer is greatly influenced by the quality of data which 

proves significant relationships (Moradi & Sormunen, 2024). While the AI-BIM framework shows 

great promise for improving sustainability in infrastructure, issues related to data exchange, cyber 

security and high costs must be solved, according to the research. This paper sets out strategies 

that support standardization, improve professional education and promote using digital twins to 

apply AI-BIM across the construction industry (Rane, 2023; Jing & Alias, 2024; Zahedi et al., 

2024; Ahmad et al., 2025). 

 

Theoretical Contributions 

Through the proposed Automation–Data–Sustainability (ADS) model current frameworks gain 

advancement because it establishes clear connections between AI automation competencies and 

data administration requirements as well as sustainability achievement targets. The current 

research develops an integrated empirical model which defines the combined effect of AI and 

BIM. The statistical results demonstrate that data quality mediates the relationships between BIM 

applications and AI system deployments (H4–H6). This refinement of the TOE model aligns with 

Du et al. (2024). 

 

Practical Implications 

The research findings show that two essential steps should be taken by practitioners moving 

forward. 

1. Businesses should allocate funds to deploy IoT sensors as well as establish robust data 

management systems that provide AI algorithms with timely clean data (based on Zahedi et 

al., 2024). 

2. Standardized Protocols should be adopted by participating in industry body collaborations to 

create open BIM extensions for AI deployment that lowers integration expenses and enhances 

scalability (Rane, 2023). 

 

Policy Recommendations Policymakers can accelerate AI-BIM adoption through: 

● Financial Incentives: Grants or tax breaks for pilot AI-BIM implementations in public 

infrastructure projects. 

● Regulatory Standards: Mandating open data formats and cyber security guidelines to build 

trust in AI-driven systems. 

 

Conclusion and Future Research 
Computers powered by Artificial Intelligence drive Building Information Modeling to create an 

effective method that extends from predictive analysis to resource allocation to project quality 

improvements for sustainable infrastructure development. The application of AI-Integrated BIM 

successfully explains more than 50% of sustainability metric variation while data quality levels 

improve performance effectiveness. Through the proposed ADS framework practitioners together 

with policymakers can develop a detailed approach to maximize the benefits of AI-BIM 

collaboration. 

Studies must conduct multiple time period evaluations of AI-BIM systems across their entire 

operational lifecycle to establish environmental and economic impact measures. General AI-BIM 
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adoption will help advance global sustainable development by enabling resilient low-carbon 

infrastructure that conforms to the UN Sustainable Development Goals. 
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