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Abstract 

The objective of this paper is to develop a theoretical framework for the analysis of data exported 
from a Building Information Modeling (BIM) model through the application of Artificial Intelligence 
methods, serving as a foundation for risk assessment in construction projects. The purpose of this 
study is to investigate the potential of data mining techniques that function independently of biases 
introduced by predefined labelling. In recent years, a growing body of literature has examined the 
role of BIM technology in risk management. The most prevalent applications primarily rely on 3D 
visualization, which facilitates the identification and deeper understanding of potential issues related 
to design coordination and site safety. A significant contribution in this regard comes from built-in 
software features that enable automated clash detection and rule-based checking. Another dimension 
frequently associated with BIM in the context of risk management is 4D modeling, which 
incorporates construction sequencing to help mitigate risks related to buildability, scheduling, and 
subcontractor coordination. Based on a review of the relevant literature, this paper first presents a list 
of risk factors that can potentially be analysed using data extracted from BIM models, followed by an 
outline of a proposed method for further analysis employing machine learning techniques. 

Keywords: BIM; construction; risk; AI; unsupervised machine learning 
 

1. Introduction 

The construction industry is inherently complex, characterized by high levels of uncertainty, 
interdependencies among stakeholders, and significant risks at every stage of a project lifecycle. Risk 
is defined as an uncertain event or condition that, if it occurs, can positively or negatively affect 
project objectives [1]. Despite advancements in technology, the industry continues to lack a 
standardized, systematic approach to risk assessment that is both universally applicable and capable 
of leveraging the full potential of modern tools such as Building Information Modeling (BIM) and 
Machine Learning (ML). BIM has already demonstrated its transformative potential by enabling 
better collaboration, visualization, and management of construction project [2,3]. The promise of 
Building Information Models lies in their capacity to be information-rich, machine-readable, and to 
integrate insights from multiple building disciplines within a single or integrated model 
environment. 

Conventional forms of representing construction related knowledge, including drawings, three-
dimensional models, technical documentation, and tabular data, are undergoing a transformation 
toward semantically enriched information models. Consequently, building information is no longer 
confined to discrete artifacts but exists within an integrated digital environment that is, by design, 
machine-interpretable 
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This research examines whether artificial neural networks (ANN) can effectively support the 
analysis of BIM-generated data to identify and assess construction project risks. Consequently, the 
aim of this work is to develop a theoretical framework for integrating BIM-extracted data with 
machine learning techniques to enhance the effectiveness of construction project risk management. 
In recent years, a growing body of literature has examined the role of BIM technology in risk 
management [2,4–8]. However, when machine learning is combined with BIM, the input data 
typically comes from expert surveys rather than directly from BIM models [9–11]. These expert 
assessments are then used to train predictive algorithms such as ANN or decision trees. This creates 
a promising and industry-relevant research gap: the direct integration of computer-generated BIM 
models with machine learning techniques. 

The main challenge addressed in this study lies in bridging two paradigms: the established body 
of research on BIM-based risk management, and the emerging field of applying machine learning 
techniques to information-rich, parametric BIM models. Since data mining has not yet been explored 
within the context of BIM-based risk management in construction, the scope of the literature review 
was expanded to include keywords such as data mining, machine learning and BIM, and K-means 
clustering and BIM. The primary goal of data mining is to extract patterns and uncover meaningful 
information from a dataset, yielding “knowledge” that can support and enhance decision-making 
[12]. Although these searches yielded a relatively small number of publications, they nonetheless 
provided valuable insights into the application of unsupervised machine learning methods in BIM-
related research [13–16] . This disparity in publication volume highlights a notable research gap and 
suggests a significant opportunity for further exploration of unsupervised learning and data-driven 
approaches within BIM-based risk analysis. 

Based on the literature review, it was observed that, in most cases, the selected computational 
methods were described without a clear rationale for their choice. In this paper, we provide a concise 
overview of relevant machine learning techniques and BIM characteristics to justify the 
methodological decisions adopted in this study 

2. Materials and Methods 

This study aims to determine whether artificial neural networks (ANN) can effectively support 
the analysis of BIM-generated data for identifying and assessing construction project risks. Figure 1 
illustrates the initial research methodology, which begins with defining the key search terms, 
conducting a literature review, and subsequently broadening the scope to include additional 
categories identified as essential for comprehensively addressing the research question. The relevant 
theoretical foundations are then presented and examined in relation to the study’s objectives, serving 
both as the conceptual basis for the research and as an interpretive framework through which the 
data are understood and analysed. 

2.1. Literature Overview 

A literature search was conducted for this study using Google Scholar, SCOPUS, and the 
reference lists of relevant publications. The last SCOPUS search employed the keywords “BIM AND 
risk management AND construction.” Out of 207 identified papers, 163 were published after 2017, 
indicating that approximately 78% of the research in this area has emerged within the last eight years. 
However, when cross-referencing BIM with unsupervised machine learning or data mining, the 
number of relevant studies declines sharply, with only about 5 to 12 publications identified. This 
disparity in publication volume highlights a notable research gap and suggests a significant 
opportunity for further exploration of unsupervised learning and data-driven approaches within 
BIM-based risk analysis. 

This study is grounded in a pragmatic philosophical paradigm, emphasizing applied research 
that integrates multiple perspectives in the interpretation of data. Depending on the research 
question, both observable phenomena and subjective meanings are regarded as valid sources of 
knowledge [17]. 
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For this paper, the researchers adopted a cross-sectional literature review; see Figure 1, to 
identify: 
1. BIM-based risk management latest developments and practices 
2. Potential research gap 
3. Risk factors which can be deducted from BIM database 
4. Suitable machine learning application 

 
Figure 1. Flow diagram of literature search process. 

2.2. Risk Management Practices and BIM 

Project Management Institute defined a risk as an uncertain event or condition that, if it occurs, 
may exert a positive or negative influence on one or more project objectives. Identified risks may or 
may not materialize during a project. Throughout the project lifecycle, teams strive to identify and 
assess both known and emerging risks, whether internal or external to the project context [1,18]. 
Project Risk Management is situated within the Uncertainty project management performance 
domain, which comprises the set of activities and functions concerned with managing risks and 
uncertainties that can influence the project’s cost [19], schedule, or scope baseline. It involves a 
sequence of processes, including risk planning, identification, analysis, response formulation, 
response execution, and continuous risk monitoring throughout the project [20] . Risk management 
planning identifies the objectives, the approach, and the resources to carry out risk treatment 
activities. Risk identification defines the causes of the risks to which the project is exposed. Risk 
analysis determines the probabilities of occurrence and the associated impacts on project outcomes 
in terms of cost, schedule, scope, and quality variance [21]. 

Numan’s systematic review [22] demonstrated that while BIMs automated and visualization 
capabilities significantly enhance the identification, analysis, response planning, and monitoring of 
risks across the design, construction, and operational stages, its effective application to risk 
management remains constrained by substantial organizational and technical challenges. 

The risk breakdown structure (RBS) is a fundamental tool in project risk management that 
organizes potential sources of risk into a hierarchical framework. It provides a structured basis for 
employing various risk identification techniques, including brainstorming, assumptions and 
constraints analysis, data analytics, questionnaires, fault tree analysis, and root cause analysis. By 
ensuring comprehensive coverage of all risk categories, the RBS supports effective response planning 
and risk monitoring, as well as both qualitative and quantitative risk analysis. An example of a 
generic project-level RBS is presented in Table 1. 

Table 1. An example of generic RBS taken from [20] p.126. 

RBS Level 0 RBS Level 1 RBS Level 2 

  
 

  1.Technical risk 
  1.1Scope definition  
  1.2 Requirements definition 
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All sources of  
project risk 

  1.3 Estimates, assumptions and constraint 
  1.4 Technical processes 
  1.5 Technology 
  1.6 Technical interfaces  

  etc. 

  2.Management risk 

  2.1 Project management 

  2.2 Program /portfolio management  

  2.3 Operations management 

  2.4 Organization 

  2.5 Resourcing 
  2.6 Communication 

  etc. 

  3.Commercial risks 

  3.1 Contractual terms and conditions 
  3.2 Internal procurement 
  3.3 Suppliers and vendors 
  3.4 Subcontracts 
  3.5 Clients/customer stability 
  3.6 Partnership and joint ventures  
  etc. 

  4.External risk 

  4.1 Legislation 

  4.2 Exchange rates  

  4.3 Site /facilities 
  4.4 Environmental /weather  

  4.5 Competition 

  4.6 Regulatory 

  etc. 
   

Nabawy and Mohamed [10]proposed a modified RBS tailored specifically to infrastructure 
construction projects (see Figure 2). Although their prioritized list of 72 risks appears somewhat 
arbitrary in terms of category assignment, it offers two important insights:  
(1) a comprehensive overview of risks that are specific to construction activities, and 
(2) evidence of the limitations of applying a generic risk RBS to construction projects, where the 

appropriate classification category for a given risk is not always clear. 

 

Figure 2. Example categories of risks compiled by Nabawy and Mohamed [10]. 

A more construction-relevant grouping was proposed by Alshihri et al. [23], who classified 83 
risk factors into nine categories based on the roles performed by the various parties and resources 
involved in the construction process, specifically within the context of government-funded projects 
(see Figure 3). This approach appears particularly useful in the context of BIM, with the designer-
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related risk category providing a robust initial framework for identifying risks through data mining 
(see Figure 4). 

 

Figure 3. Risk factors categories based on the roles performed derived from [23] 

 

Figure 4. Designer-related risk factors. 

2.3. AI vs. ML 

Speculation about the possibility of creating mechanical intelligence can be traced to several key 
figures—including Alan Turing, John von Neumann, and Norbert Wiener—during the period from 
1943 to 1950. However, experimental research in artificial intelligence did not truly begin until 
electronic digital computers became widely accessible in the early 1950s [24]. Today, machine 
learning and artificial intelligence (AI) are extensively applied in numerous domains, including data 
analysis, risk assessment, and inventory management. According to Jackson [24], AI is a branch of 
computer science concerned with designing machines capable of intelligent behavior. In 
contemporary usage, the term AI generally refers to computer software that replicates human 
cognitive abilities to perform complex tasks historically undertaken by humans, such as decision-
making, data interpretation, and language translation. Machine learning (ML) constitutes a subset of 
AI that employs data-driven algorithms to build models capable of executing these tasks. Although 
ML often enables many of the functions associated with AI and the two terms are sometimes used 
interchangeably, AI denotes the broader conceptual pursuit of human-like cognition in 
computational systems, whereas ML represents one specific method for achieving it. Machine 
learning is a subfield of artificial intelligence that enables algorithms to learn autonomously from 
data rather than through explicit programming. Practitioners train these algorithms to recognize 
patterns within datasets and to make decisions with minimal human intervention [25]. 

Machine learning is commonly divided into two main categories: supervised and unsupervised 
learning—as illustrated in Figure 5. In supervised learning, algorithms are trained on labeled 
examples of inputs and their correct outputs—so that the model can later predict the output from 
new inputs alone. In contrast, unsupervised learning involves algorithms that receive only the input, 
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unlabeled data and must independently discover patterns, structures, or groupings within it, such as 
clustering data into distinct categories. Within unsupervised learning, the two most common 
methods are clustering and anomaly detection, both of which appear promising in the context of BIM 
datasets. 

 

Figure 5. Machine learning’ methods overview. 

2.4. BIM , Risk Management and AI 

In recent years, a growing body of literature has examined the role of Building Information 
Modeling (BIM) technology in risk management[5,7,26,27]. The most prevalent applications 
primarily rely on 3D visualization [3], which facilitates the identification and deeper understanding 
of potential issues related to design coordination, sustainability and site safety[28]. A significant 
contribution in this regard comes from built-in software features that enable automated clash 
detection and rule-based checking [4]. Another dimension frequently associated with BIM in the 
context of risk management is 4D modeling [6], which incorporates construction sequencing to help 
mitigate risks related to buildability, construction scheduling, and subcontractor coordination. 
Moreover, many studies in BIM literature focus on factors contributing to delays [11] or cost overruns 
[8] and [21] 

A separate body of research has examined the integration of BIM and AI in general [29,30] , and 
more specifically the application of supervised deep learning methods, such as artificial neural 
networks (ANN), for predictive purposes [22–25] . Huang et al. [9] utilized a trained BP neural 
network integrated with BIM technology to develop an evaluation model for risk management of 
public buildings. 

Risk both emerges from uncertainty and, in turn, creates additional uncertainty through a lack 
of awareness or incomplete understanding [20] . While labelling data requires prior explicit 
knowledge—meaning a level of certainty that a given correlation belongs to a specific category—in 
the case of BIM the point of reference is often not a single well-defined relationship but rather a 
complex set of interdependent variables. 

Therefore, methods focused on pattern recognition and anomaly detection appear more 
promising, as they eliminate the initial bias associated with assigning rankings or predefined labels. 
In contrast, when applying supervised learning methods such as artificial neural networks (ANN) or 
decision trees, success depends on the initial labelling of the input data defining the value of y 
assigned to a particular x. These methods can offer efficient automated classification, but only when 
the dataset is well structured and there is confidence in the accuracy and consistency of the data 
descriptions. 

2.5. Knowledge Discovery-Uncovering Hidden Pattern in BIM Data 
With the growing use of information technology, the amount of data available to users has 

increased exponentially. Thus, there is a critical need to understand the content of the data. 
Knowledge is defined as a human understanding of a subject area, developed through the processing 
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of data, the formulation of conclusions that become information, and the cultivation of insight into 
the problem domain. 

The rapid expansion and vast accumulation of stored information in the construction industry, 
combined with the growing demand for data-driven analysis, has created an urgent need for 
advanced tools capable of extracting meaningful knowledge from large datasets to support building 
performance improvement. 

With respect to data derived directly from BIM models, considerable attention has been directed 
toward quality control and object classification. Krijnen and Tamke [16] demonstrated that 
unsupervised learning techniques can reveal anomalies in building models, and that a neural 
network can distinguish floor plan layouts into categories based on their geometric characteristics. 
García and Kamsu-Foguem [13]applied clustering to physical room specifications extracted from BIM 
models to group rooms with similar thermal comfort profiles. Additional studies have further 
explored clustering methods for quality control [14] ,site hazard identification[34] and the automatic 
grouping of 3D objects according to trade classifications [15]. Another study used BIM log files 
together with the K-means algorithm to identify modelling patterns and gain insights into user 
behavior [35]. The studies summarized in Table 2 provide an overview of engineering data processing 
themes and the computational methods employed for their analysis. 

Table 2. An overview of data processing themes and ML method applied. 

  Articles  Title 4 
 

 
ANN -

classification 
Clustering Anomaly 

detection 

1 
Assessing implicit knowledge in BIM models with 

machine learning 2015 [16] 
x  x 

2 
A method for clustering unlabelled BIM objects using 

entropy and TF-IDF with RDF encoding 2017 [15] 
 x  

3 
BIM-oriented data mining for thermal performance of 

prefabricated buildings 2019 [13] 
 x  

4 
Quality check of BIM models using machine learning 

2024 [14]  
 x  

5 
Towards Data Mining and Knowledge Discovery for 
AECO Applications Using BIM Embedded Data: A 

Systematic Review 2025 [35]  

 x (K-means)  

6 
Investigation of Classification and Anomalies Based on 

Machine Learning Methods Applied to Large Scale 
Building Information Modeling 2022 [36]  

x (random tree, 
SVM) 

 x 

7 
BIM performance assessment system using a K-means 

clustering algorithm 2020 [37] 
 x  

8 
IFC models for semi-automating common planning 

checks for building permits 2022 [38] 
 x  

9 
Hybrid Information Mining Approach on BIM-based 

Building Operation 1 and Maintenance 2017 [39] 
 x  

10 

K-means clustering-enhanced 3D GIS–BIM integration 
for urban rail transit planning: evaluating design 

performance, cost efficiency, and stakeholder adoption 
2025 [40] 

 x  

11 
Employing outlier and novelty detection for checking 

the integrity of BIM to IFC entity associations 2017 [41] 
  x 

12 
Condensing Complexity K-means clustering of 

geometric data sets as a design tool 2025 [42] 
 x  

2.6. BIM Data Structure 
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A Building Information Model (BIM) is a virtual project simulation that integrates three-
dimensional representations of building components with the information required for planning, 
procurement, construction, operation, and decommissioning. Virtual models fall into two categories: 
surface models and solid models. The latter—often referred to as smart models—carry richer 
embedded information and are typically generated using solid or parametric modelers [43]. Model 
intelligence arises from the fact that each digital object contains physical and contextual attributes, 
including geometry, dimensions, material properties, and spatial relationships to other components. 
Because this information is stored within each model element, it can be systematically retrieved, 
queried, and used for downstream processes, thus constituting an object-based or parametric 
modeling environment. Parametric links ensure that information associated with a model element is 
automatically updated throughout the project model. As a result, any modification to a building 
component is consistently reflected across all dependent representations—such as drawings, 
schedules, and 3D views—supporting a high degree of accuracy and reducing the potential for 
documentation inconsistencies. 

Information embedded in model element can be broadly classified into three categories: 
(1) geometric attributes, 
(2) predefined parametric attributes, and 
(3) user-defined parametric attributes. 

Geometric attributes are automatically generated and continuously updated by the modeling 
software when constraints or object boundaries are modified. For instance, altering the edge of a slab 
will automatically update its volume, area, or other geometric properties derived. Parametric 
attributes, by contrast, require user input and may take the form of textual descriptors (e.g., material 
type or concrete grade), boolean fields (e.g., yes/no parameters), or numerical expressions defined 
through formulas. These parameters enable the enrichment of model elements with semantic 
information essential for analysis, coordination, and decision-making. 

A fundamental characteristic of BIM is its development through an iterative information 
feedback loop. As project participants progressively refine their contributions, the model evolves in 
terms of scope, level of detail, and interdependencies, resulting in a continual increase in the breadth 
and depth of available information. Assessing model readiness is therefore most meaningful at key 
project gateways—such as the completion of specific design stages or pre-tender validation—when 
decisions must reflect the limitations and maturity of the information available at that point in the 
project lifecycle. 

3. Results 

Concerning research on the application of BIM in risk management in combination with AI/ML, 
considerable attention has been devoted to predictive risk-related approaches, in which algorithms 
are typically trained on labelled datasets derived from expert judgment. At the same time, a 
substantial body of work has highlighted the need to better understand the information contained 
directly within digital models, whether in the context of quality control or building-permit approval. 
Methods such as K-means clustering and anomaly detection have already proven effective for 
analysing both geometric and parametric unlabelled data, enabling the identification of patterns and 
the extraction of meaningful insights. 

In this context, both K-means clustering and anomaly detection are promising methods for 
further research. Figure 6 presents the proposed framework, which is based on data extracted from 
an object-oriented parametric model and processed using an unsupervised machine learning 
algorithm, which will be subject of future dedicated research. 
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Figure 6. Framework for data processing. 

4. Discussion 

Risk is a critical consideration in construction projects, and ultimately the project owner typically 
assumes responsibility for most of that risk. The objectives of a construction project typically reflect 
the needs and aspirations of the client, as most building initiatives are commissioned by an 
individual, an organization, or a community. The primary goal of all project teams must therefore 
align with supporting the owner in achieving the intended functional or strategic outcomes—such as 
enhancing educational or healthcare facilities, improving industrial productivity, or strengthening 
community infrastructure. Secondary objectives, including improving project quality, increasing 
construction efficiency in terms of time and cost, enhancing safety, or reducing construction-related 
risks, become shared team goals that add value to the overall project and contribute to the successful 
realization of the owner’s broader aims. 

A model-based BIM process, as a key component of both the design and construction 
development, reflects not only the technical competencies of project team but also the level of 
software proficiency and the experience of those preparing and commissioning the model. Research 
conducted by Alnaser et al. [8] as well as Gorski and Skorupka [44]have demonstrated the significant 
role in risk generation played by the client at multiple stages of the process. Moreover, according to 
ISO standards [45] , it is the client who is responsible for specifying the information requirements and 
modeling methodology [46]which in return improve communication, facilitate better collaboration -
critical factors in risk reduction. The design process is inherently a balancing act among competing 
requirements. However, excessive bureaucratic demands can divert designers’ attention away from 
addressing actual design problems and refining details, ultimately affecting the overall quality of 
both the model and the project. 

Risk both emerges from uncertainty and, in turn, creates additional uncertainty through a lack 
of awareness or incomplete understanding [20] . While labelling data requires prior explicit 
knowledge—meaning a level of certainty that a given correlation belongs to a specific category—in 
the case of BIM the point of reference is often not a single well-defined relationship but rather a 
complex set of interdependent variables. Therefore, methods focused on pattern recognition and 
anomaly detection appear more promising, as they eliminate the initial bias associated with assigning 
rankings or predefined labels. In contrast, when applying supervised learning methods such as 
artificial neural networks (ANN) or decision trees, success depends on the initial labelling of the input 
data defining the value of y assigned to a particular x. These methods can offer efficient automated 
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classification, but only when the dataset is well structured and there is confidence in the accuracy 
and consistency of the data descriptions. 
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