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Risk Assessment for Digital Transformation Projects in Construction Enterprises: An 

Enhanced FMEA Model 

 

Abstract 

The digital transformation of the construction industry is crucial for advancing global digital 

economies, but it involves significant risks that require a standardized and robust assessment 

methodology. This paper presents an enhanced Failure Mode and Effect Analysis (FMEA) 

model that integrates the Multiple Attribute Border Approximation Area Comparison (MABAC) 

method with Grey Relational Analysis (GRA). Unlike previous approaches, this integration 

aligns grey relational changes with border approximation vector components, capturing both 

positive and negative correlations between modes. This enhances the prioritization process by 

distinguishing failure modes that may amplify or mitigate each other's impact, leading to more 

precise risk assessments and mitigation strategies. The model also employs interval numbers 

instead of crisp numbers to reduce information loss from decision-making ambiguities caused 

by heterogeneous expert evaluations. Applied in a real-life case study, the improved model 

effectively accommodates biases and hesitations in expert decision-making, enhancing the 

accuracy and reliability of risk assessments in digital transformation projects. The findings 

highlight the model's potential as a comprehensive and reliable framework for identifying, 

prioritizing, and mitigating risks in the digital transformation of the construction industry. 
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1 Introduction 

The digital economy has become a key driver reshaping modern economic systems and 

promoting sustainable growth worldwide (Shang et al., 2023). In 2022, China's digital economy 

reached 7.3 trillion US dollars, representing over 41% of its GDP (CAICT, 2023). Central to 

this economic shift is digital transformation (DT) (Qiao et al., 2024), defined as the process of 

leveraging digital technologies to fundamentally change an organization’s operations, culture, 

and customer experiences to meet changing business and market requirements (Battistoni et al., 

2023). In the construction industry, a traditional yet vital sector of the economy, DT is essential 

for addressing challenges such as intense competition, an aging workforce, and low productivity 

(Bhattacharya & Momaya, 2021). For individual construction companies, DT provides a 

pathway to improve management efficiency, enhance safety, and drive innovation (Koscheyev 

et al., 2019). However, these transformations also bring substantial risks at the company level, 

where the complexity of construction projects and their dynamic environments introduce 

various uncertainties that need careful management (Criado-Perez et al., 2022). Despite the 

critical need for effective risk management in company-level DT, most studies emphasize 

technological implementation rather than focusing on identifying and managing these risks 

(Musarat et al., 2022). This gap calls for a structured approach to assess the risks associated 

with DT projects within companies. 

Traditional risk assessment methods typically rely on consistent and comprehensive data 

(Dou et al., 2024), which is often challenging to gather in rapidly evolving digital environments. 
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Consequently, reliance on historical data alone can lead to incomplete or misleading risk 

assessments. In such situations, expert judgment becomes crucial, making the Failure Mode 

and Effects Analysis (FMEA) model a suitable approach (Liu et al., 2024). FMEA uses expert 

insights to evaluate and prioritize risks systematically, particularly when reliable data is scarce 

(Liu et al., 2019). However, conventional FMEA has limitations, such as subjective judgments, 

assumptions that risks are independent, and insufficient handling of uncertainty (Samira et al., 

2015). These limitations can undermine the reliability of risk assessments in complex DT 

scenarios. 

To overcome these limitations, an enhanced FMEA model that integrates the MABAC 

method with GRA is proposed. MABAC enables a comprehensive evaluation of multiple 

criteria in decision-making (Pamučar & Ćirović, 2015), while GRA strengthens the analysis by 

examining the relationships between factors, thereby capturing interdependencies among risks 

(Liu et al., 2011). The model also employs interval-valued intuitionistic fuzzy numbers (IVIFNs) 

to manage uncertainty in expert assessments. Unlike traditional fuzzy numbers, IVIFNs allow 

experts to express both confidence in their assessments and any hesitation or uncertainty (Li et 

al., 2020). This dual expression reflects the reality of decision-making under uncertainty, where 

judgments are not always absolute but often accompanied by a degree of doubt. To further 

ensure consistency in comparing risk factors, the model uses matrix spectral norms, a 

mathematical tool used to measure the size or magnitude of a matrix, helping determine how 

much influence a set of risks can have on the overall analysis (Ishizaka et al., 2021). These 

methodological enhancements improve the precision and reliability of risk assessments, 

offering more robust support for decision-makers in managing DT risks. 
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An illustrative case study is conducted with a large construction enterprise in China to 

demonstrate the practical applicability and effectiveness of the enhanced FMEA model in 

assessing DT risks. In the case study, 23 potential failure modes related to DT projects were 

identified from the literature and evaluated by experts. Given the diverse nature of these failure 

modes—covering technological, organizational, and environmental aspects—the Technology–

Organization–Environment (TOE) framework was employed to systematically categorize these 

risks (Zhu & Yan, 2022). To better align with the specific needs of construction projects 

characterized by resource management and supply chain dependencies, the framework was 

expanded with two additional categories—Resources and Industry Chain, based on expert input. 

This comprehensive categorization facilitated a more focused risk assessment and supported 

the effective application of the enhanced FMEA model. 

The article is organized as follows: Section 2 reviews the relevant literature. Section 3 

outlines the proposed model. Section 4 presents an illustrative case of the enhanced FMEA 

method, along with the results and discussion. Section 5 offers theoretical and managerial 

insights. Finally, Section 6 concludes with future research directions. 

2 Literature review 

2.1 Risk of digital transformation 

DT is crucial for enhancing operational efficiency and driving innovation in today's data-

driven era (Battistoni et al., 2023). While scholars have explored the processes, necessity, and 

advantages of DT, they have also highlighted challenges, particularly those exacerbated by 

disruptions such as the COVID-19 pandemic and declining globalization, which have disrupted 

supply chains and underscored the need for robust digital strategies to guide the DT process 
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(Ivanov, 2024). In discrete manufacturing companies, challenges like weak application 

foundations, lack of critical technology, and data aggregation difficulties have been identified 

(Möller et al., 2021). Case studies of listed companies reveal additional hurdles, including a 

shortage of internal digital talent, limited external technological expertise, and difficulties in 

securing funds for digital initiatives (Wang et al., 2020). Furthermore, expert interviews have 

pinpointed risks in DT, emphasizing that poor risk assessment and preparation often lead to 

project failures (Gölcük, 2020). These studies collectively stress the importance of developing 

effective risk assessment methods to support the success of DT projects. 

The McKinsey Global Institute's report ranks the construction sector near the bottom in 

global DT indices, revealing substantial room for improvement (Agarwal et al., 2016). To 

change this situation, companies within this sector must prioritize DT, where they face not only 

the challenges of DT adoption but also the need to manage associated risks effectively (Pfnür 

& Wagner, 2020). However, current research primarily focuses on technological advancements, 

with insufficient attention given to the risk management strategies that companies need to 

implement. While factors influencing DT, such as technological readiness and organizational 

commitment, have been identified by Liu (2023), the specific risks companies face during this 

process remain underexplored. Therefore, a deeper understanding of these risks is essential for 

companies to successfully navigate their DT projects and achieve long-term growth. 

(Samuelson & Stehn, 2023). 

2.2 FMEA model 

DT projects involve complex risks that are difficult to quantify and predict using 

conventional risk assessment methods. Unlike traditional industrial risks, DT projects face 
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challenges such as rapid technological evolution, high uncertainty, and dynamic interactions 

between failure modes. FMEA is a widely used risk assessment tool, but its effectiveness in DT 

projects is limited by its reliance on expert judgments and deterministic scoring criteria. In this 

section, we discuss the fundamentals of FMEA and its existing limitations, providing the 

motivation for an improved risk assessment approach tailored for DT applications. 

FMEA is a well-established risk management tool valued for its systematic approach and 

ability to integrate multidisciplinary perspectives (Liu et al., 2019). FMEA involves identifying 

potential failure modes based on expert knowledge and scoring them on a scale for Severity (S), 

Occurrence (O), and Detection (D) (J. Liu et al., 2023). The Risk Priority Number (RPN) is 

then calculated to prioritize mitigation efforts, with higher RPNs indicating higher risks (Liu et 

al., 2013). 

While FMEA provides valuable risk information that can enhance the performance and 

reliability of products and services (Giannakis & Papadopoulos, 2016), it has notable limitations. 

These include difficulties in handling large expert groups, analyzing heterogeneous information, 

and addressing incomplete or dynamic risk assessments, which are caused by variations in 

expert opinions, inconsistent data availability, and the evolving nature of DT projects (Samira 

et al., 2015). Various methods have been proposed to enhance FMEA’s effectiveness. For 

example, the Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) has 

been integrated to improve decision support by providing a clearer ranking of risks (Braglia et 

al., 2003). Hybrid methods like FMEA-CODAS address the equal weighting issue of S, O, and 

D, where each risk component is often given equal importance despite their differing impacts 

(Almeraz-Durán et al., 2021). Other approaches, such as the Choquet integral, account for 
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mutual risk influences (Zhang et al., 2021), and methods like Personalized Linguistic 

Preference Relations (PLPRs) and Group Linguistic Decision Systems (GLDS) consider group 

and individual risk attitudes (Liu et al., 2018b).  

These advancements have improved the precision and reliability of FMEA models, but the 

broad range of expert domains and varying expertise levels in construction enterprises pose 

challenges for aggregating expert opinions consistently (Takva et al., 2023). The rigid scoring 

system in conventional FMEA, which uses integers between 1 and 10, may also lead to 

oversimplification or inaccuracies in expert assessments (Gölcük, 2020). To address this, 

methods such as fuzzy numbers and interval numbers have been introduced to incorporate 

uncertainty into the analysis of the problem (Li et al., 2020; Song et al., 2014). Additionally, 

the MABAC method has been employed to determine priority rankings by calculating the 

distance between each risk and an ideal point, categorizing risks into upper, middle, and lower 

zones, which indicate different levels of severity (Pfnür & Wagner, 2020). The definitions of 

these zones are context-dependent, requiring careful calibration to reflect the specific 

characteristics of the assessed project. Similarly, GRA is utilized for handling incomplete data 

and evaluating the correlation between various risk factors, such as technological challenges, 

organizational readiness, and market conditions (Hashemi et al., 2015). This method calculates 

the geometric proximity between sequences, which refers to the similarity or closeness of 

different data series based on their shape and trend over time. In the context of risk assessment, 

this approach helps identify which risk factors exhibit similar patterns of change or influence, 

enabling a more comprehensive understanding of their interrelationships (Liu et al., 2011). 

While existing improved FMEA models offer some advancements, their applicability to 
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the challenges of DT in construction enterprises remains uncertain. This highlights the need for 

further development of risk assessment models that are specifically designed to address these 

challenges in this field. 

2.3 Fundamental definitions 

Risk evaluation in DT projects is inherently uncertain, as emerging technologies and 

digital ecosystems introduce a high degree of unpredictability. Traditional FMEA methods 

struggle to accommodate the subjectivity, hesitation, and inconsistency in expert judgments, 

which are particularly prevalent in DT-related risk assessments. To address this issue, this 

section introduces mathematical approaches used in our novel model, which provide a more 

flexible and robust framework for quantifying expert opinions under uncertainty. 

Intuitionistic fuzzy numbers (IFNs) (Atanassov, 1999b) and interval-valued intuitionistic 

fuzzy set (IVIFS) (Atanassov, 1999a) are introduced in formulating the improved model to 

capture the uncertainty in failure assessment. They are defined respectively as: 𝐴 = {〈𝑥, 𝜇𝐴(𝑥), 𝜈𝐴(𝑥)〉|𝑥 ∈ 𝑋}  (1) 

where 𝜇𝐴 :  → [0,1] means the membership degree and 𝜈𝐴:   → [0,1] means the non-
membership degree of the element 𝑥 ∈ 𝑋 to 𝐴, respectively, with the condition that for all 𝑥 ∈ 𝑋, 𝐴̃ = {⟨𝑥, 𝜇𝐴̃(𝑥), 𝜈𝐴̃(𝑥)⟩|𝑥 ∈ 𝑋} (2) 

where 𝜇𝐴̃ = [𝜇𝐴𝐿(𝑥), 𝜇𝐴𝑅(𝑥)] ⊆ [0,1]  and 𝜈𝐴 = [𝑣𝐴𝐿(𝑥), 𝑣𝐴𝑅(𝑥)] ⊆ [0,1]  are intervals 

denoting the membership and non-membership degrees of the element 𝑥 ∈ 𝑋  to 𝐴̃ , 
respectively, with the condition 𝜇𝐴𝑅(𝑥) + 𝑣𝐴𝑅(𝑥) ≤ 1 for all 𝑥 ∈ 𝑋.Due to the uncertainty and 
vagueness of subjective judgments, IVIFNs are introduced to transform the assessment 

language, thereby more effectively handling the imprecise and ambiguous information during 

the evaluation process. Let 𝛼𝑖 = ([𝜇̱𝛼𝑖 , 𝜇̄𝛼𝑖], [𝜈̱𝛼𝑖 , 𝜈̄𝛼𝑖]), (𝑖 = 1,2)  be IVIFNs, and 𝛼 also be 
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an IVIFN.  

The scoring function of IVIFNs is expressed as: 𝑆(𝛼) = 12 (𝜇̱𝛼 + 𝜇̄𝛼 − 𝜈̱𝛼 − 𝜈̄𝛼) (3) 

The precise function of IVIFNs is expressed as: 𝐻(𝛼) = 12 (𝜇̱𝛼 + 𝜇̄𝛼 + 𝜈̱𝛼 + 𝜈̄𝛼) (4) 

The interval intuitionistic fuzzy distance between IVIFNs 𝛼1 and 𝛼2 is determined by: 𝑑IVIFD(𝛼1, 𝛼2) = |𝛼1 − 𝛼2| (5) = 12√((𝜇̱𝛼1 − 𝜇̱𝛼2)2 + (𝜇̄𝛼1 − 𝜇̄𝛼2)2 + (𝜈̱𝛼1 − 𝜈̱𝛼2)2 + (𝜈̄𝛼1 − 𝜈̄𝛼2)2) 

The Interval-valued Intuitionistic Fuzzy Weighted Average (IVIFWA) operator is 

introduced to aggregate all individual risk assessment matrices into the collective risk 

assessment matrix. It is defined as follows (Chen et al., 2012): IVIFWA(𝛼1, 𝛼2,⋯ , 𝛼𝑛)  = 𝛴𝑖=1𝑛 𝜔𝑖𝛼𝑖 (6) = ([1 − ∏ (1 − 𝜇̱𝛼𝑖)𝜔𝑖𝑛𝑖=1 , 1 − ∏ (1 − 𝜇̄𝛼𝑖)𝜔𝑖𝑛𝑖=1 ], [∏ (𝜈̱𝛼𝑖)𝜔𝑖𝑛𝑖=1 , ∏ (𝜈̄𝛼𝑖)𝜔𝑖𝑛𝑖=1 ])  

where 𝜔𝑖 ∈ [0,1]，∑ 𝜔𝑖𝑛𝑖=1 = 1，𝜔 = (𝜔1, 𝜔2, ⋯ , 𝜔𝑛)𝑇 is the corresponding weight vector 

for 𝛼𝑖 (𝑖 = 1,2,⋯ , 𝑛). 

Entropy conveys the inherent strength of information to decision-makers. Cross-entropy 

works by minimizing the difference between the true distribution and the predicted distribution. 

Let 𝐴̃(𝑘) = [([𝑎𝑖(𝑘), 𝑏𝑖(𝑘)], [𝑐𝑖(𝑘), 𝑑𝑖(𝑘)])]𝑚×𝑛 (𝑖 = 1,2) be two IVIFNs on a non-empty set 𝑋 ={𝑥1, 𝑥2,⋯ , 𝑥𝑛} . The cross-entropy 𝑃(𝐴̃(1), 𝐴̃(2))  between 𝐴̃1  and 𝐴̃2  is defined as follows 
(De Boer et al., 2005): 
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𝑃(𝐴̃(1), 𝐴̃(2)) = ∑ (𝑦(1)+24 𝑙𝑛 2(𝑦(1)+2)𝑦(1)+2+𝑦(2)+2 + −𝑦(1)+24 𝑙𝑛 2(−𝑦(1)+2)−𝑦(1)+2−𝑦(2)+2)𝑛𝑛=1  (7) 

where 𝑦(1) = 𝑎𝑖(1) + 𝑏𝑖(1) − 𝑐𝑖(1) − 𝑑𝑖(1)and 𝑦(2) = 𝑎𝑖(2) + 𝑏𝑖(2) − 𝑐𝑖(2) − 𝑑𝑖(2).  

A sorting vector allows for sorting operations without altering the original data. Let 𝑎 =[𝑎̱, 𝑎̄]  and 𝑏 = [𝑏̱, 𝑏̄]  be interval numbers with lengths 𝐿(𝑎) = 𝑎̄ − 𝑎̱  and 𝐿(𝑏) = 𝑏̄ − 𝑏̱ , 
respectively. The possibility degree that 𝑎 ≥ 𝑏 is denoted as: 𝑝(𝑎 ≥ 𝑏) = 𝑚𝑎𝑥 (1 − 𝑚𝑎𝑥 ( 𝑏+−𝑎−𝐿(𝑎)+𝐿(𝑏) , 0) , 0) (8) 

Given a set of interval numbers 𝑎𝑖 = [𝑎̱𝑖 , 𝑎̄𝑖]，the corresponding possibility degree sorting 
matrix 𝑃 = (𝑃𝑖𝑗)𝑛×𝑛 is constructed, where 𝑃𝑖𝑗 = 𝑝(𝑎𝑖 ≥ 𝑎𝑗). The interval numbers are sorted 
based on the values of sorting vector (Li et al., 2020), which is represented by: 𝜔𝑖 = ∑ 𝑃𝑖𝑗𝑛𝑗=1 +𝑛2−1𝑛(𝑛−1)  (9) 

The spectral norm of matrix 𝐴 ∈ ℝ𝑚×𝑛 is denoted as (Ishizaka et al., 2021): ‖𝐴‖2 = √𝜆𝑚𝑎𝑥(𝐴𝑇𝐴) (10) 

where 𝐴𝑇 is the transpose of matrix 𝐴, 𝜆𝑚𝑎𝑥(AA𝑇)is the largest eigenvalue of the matrix 𝐴𝑇𝐴. 
In summary, the limitations of conventional FMEA methods in DT projects highlight the 

need for an improved risk assessment framework that effectively captures uncertainty and 

expert judgment variations. The proposed model integrates MABAC and GRA to enhance the 

prioritization and evaluation of risks in DT projects. MABAC enables a comprehensive multi-

criteria decision-making process, ensuring that risk factors are assessed holistically rather than 

in isolation. GRA strengthens this analysis by capturing interdependencies between risk factors, 

which is crucial for understanding cascading risks in networked digital environments. 

Furthermore, IVIFNs improve uncertainty handling by allowing experts to express both 

confidence and hesitation in their assessments, accommodating the ambiguity and evolving 
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nature of DT risks. By integrating these methodological enhancements, the proposed approach 

provides a more precise and resilient framework for managing risks in DT projects. It offers 

decision-makers a structured, mathematically robust, and adaptive tool to navigate the 

uncertainties inherent in digital transformation initiatives. 

3 The proposed methodology 

3.1. Research design 

This paper introduces a novel FMEA approach based on MABAC and GRA for assessing 

the risk levels of failure modes. This method integrates expert judgments with objective analysis, 

enhancing the reliability of risk assessments by reducing subjectivity and aligning weights with 

the structural characteristics of the data. 

First, the method transforms the heterogeneous expert evaluation data into IVIFNs to 

construct a risk assessment matrix for potential failure modes. Next, matrix norms are applied 

to determine the objective weights of experts, addressing the shortcomings of traditional 

methods in considering the positional characteristics of evaluation data. These objective 

weights are then combined with subjective weights to create a weighted risk assessment matrix. 

Using this weighted matrix, the distances and grey relational degrees between the sample data 

and boundary approximation area vectors are calculated. Finally, a segmented function 

integrates MABAC and GRA, allowing for the computation of distance interval numbers for 

each risk factor. This process corrects the heterogeneity of evaluation information and the 

fuzziness caused by hesitation in decision-making. The risk ranking is then performed using a 

possibility-based sorting method. Figure 1 provides a flowchart of the proposed approach. 
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Fig. 1. Flowchart of the proposed approach 

3.2 FMEA application enhanced with MABAC and GRA 

Step 1. Form an initial assessment matrix 

A team of FMEA experts is assembled to assess the primary failure modes in the DT 

process of construction enterprises, focusing on the risk factors S, O, and D. Linguistic Terms 

are used in the expert evaluations. These terms were then converted into IVIFNs to generate the 

fuzzy evaluation matrix, as outlined in Table 1. 

Table 1. 
Commonly used terms for risk assessment factors and their corresponding IVIFNs 
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Linguistic Terms IVIFNs 

Extremely Low (EL) ([0.10,0.10],[0.90,0.90]) 

Very Low (VL) ([0.15,0.20],[0.60,0.75]) 

Low (L) ([0.25,0.35],[0.50,0.60]) 

Moderately Low (ML) ([0.35,0.45],[0.40,0.55]) 

Medium (M) ([0.50,0.50],[0.50,0.50]) 

Moderately High (MH) ([0.45,0.60],[0.15,0.25]) 

High (H) ([0.60,0.75],[0.10,0.20]) 

Very High (VH) ([0.75,0.85],[0.05,0.15]) 

Extremely High (EH) ([0.90,0.90],[0.10,0.10]) 

Exceptionally High (EXH) ([0.99,0.99],[0.01,0.01]) 

Step 2. Calculate the weights of experts 

According to previous research (Yue, 2012; Zhang &  u, 2015), assuming the subjective 

weights of the FMEA experts are 𝜆̂(𝑘)(𝑘 = 1,2,⋯ , 𝑙). Let the evaluation matrices of FMEA 
experts be: 𝑋(𝑘) = [𝑥𝑖𝑗(𝑘)]𝑚×𝑛 = [([𝑎𝑖𝑗(𝑘), 𝑏𝑖𝑗(𝑘)], [𝑐𝑖𝑗(𝑘), 𝑑𝑖𝑗(𝑘)])]𝑚×𝑛 (11) 

where 𝑖 = 1,2,⋯ ,𝑚，𝑗 = 1,2,⋯ , 𝑛 and 𝑘 = 1,2,⋯ , 𝑙. 
The elements of 𝑌(𝑘) are defined as the traditional matrix of real numbers, where each 

element corresponds to the elements of the original IVIFNs matrix 𝑋(𝑘) : 
𝑌(𝑘) = [𝑦𝑖𝑗(𝑘)]𝑚×4𝑛 = [  

  𝑎11(𝑘) 𝑏11(𝑘) 𝑐11(𝑘) 𝑑11(𝑘) ⋯ 𝑎1𝑛(𝑘) 𝑏1𝑛(𝑘) 𝑐1𝑛(𝑘) 𝑑1𝑛(𝑘)𝑎21(𝑘) 𝑏21(𝑘) 𝑐21(𝑘) 𝑑21(𝑘) ⋯ 𝑎2𝑛(𝑘) 𝑏2𝑛(𝑘) 𝑐2𝑛(𝑘) 𝑑2𝑛(𝑘)⋮ ⋮ ⋮ ⋮ ⋱ ⋮ ⋮ ⋮ ⋮𝑎𝑚1(𝑘) 𝑏𝑚1(𝑘) 𝑐𝑚1(𝑘) 𝑑𝑚1(𝑘) ⋯ 𝑎𝑚𝑛(𝑘) 𝑏𝑚𝑛(𝑘) 𝑐𝑚𝑛(𝑘) 𝑑𝑚𝑛(𝑘) ]  
  
𝑚×4𝑛

(12) 

where 𝑖 = 1,2,⋯ ,𝑚，𝑗 = 1,2,⋯ , 𝑛 and 𝑘 = 1,2,⋯ , 𝑙. 
When determining the objective weights for experts, the norm of the matrix difference is 

calculated separately: 𝑧(𝑘) = ‖𝑌(𝑘) − 𝑌̄‖2, 𝑘 = 1,2,⋯ , 𝑙 (13) 

where 𝑌̄ is the average matrix. 
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The resulting matrix 𝑧(𝑘)  is normalized to 𝑧̄(𝑘) = 𝑧(𝑘)/∑ 𝑧(𝑘)𝑙𝑘=1  . Consequently, the 

objective weights for the l  experts are assigned as follows: 𝜆̃(𝑘) = 1−𝑧̄(𝑘)∑ (1−𝑧̄(𝑘))𝑙𝑘=1 , 𝑘 = 1,2,⋯ , 𝑙 (14) 

To ensure both subjective and objective factors contribute proportionally to the final expert 

weight, we adopt a multiplicative fusion method with normalization rather than a simple 

weighted sum. The final weight is calculated as (Chunyou et al., 2017): 𝜆(𝑘) = 𝜆(𝑘)𝜆(𝑘)∑ 𝜆(𝑘)𝑙𝑘=1 𝜆̃(𝑘), 𝑘 = 1,2,⋯ , 𝑙 (15) 

Step 3. Construct the collective assessment matrix 

Using the IVIFWA operator, the evaluation opinions of FMEA experts are aggregated to 

obtain the collective risk assessment matrix. The opinions of each expert are aggregated to form 

the collective assessment matrix [𝛼𝑖𝑗]𝑚×𝑛: 𝛼𝑖𝑗 = ([𝑎𝑖𝑗 , 𝑏𝑖𝑗], [𝑐𝑖𝑗 , 𝑑𝑖𝑗])  = IVIFWA(𝑥𝑖𝑗(1), 𝑥𝑖𝑗(2),⋯ , 𝑥𝑖𝑗(𝑙))  = ∑ 𝜆𝑘𝑙𝑘=1 𝑥𝑖𝑗(𝑘)
 (16) = ([1 − ∏ (1 − 𝑎𝑖𝑗(𝑘))𝜆𝑘𝑙𝑘=1 , 1 − ∏ (1 − 𝑏𝑖𝑗(𝑘))𝜆𝑘𝑙𝑘=1 ] , [∏ (𝑐𝑖𝑗(𝑘))𝜆𝑘𝑙𝑘=1 , ∏ (𝑑𝑖𝑗(𝑘))𝜆𝑘𝑙𝑘=1 ])  

where 𝛼𝑖𝑗 = ([𝜇̱𝑖𝑗 , 𝜇̄𝑖𝑗], [𝜈̱𝑖𝑗 , 𝜈̄𝑖𝑗]), 𝑖 = 1,2,⋯ ,𝑚，  𝑗 = 1,2,⋯ , 𝑛， 𝑘 = 1,2,⋯ , 𝑙 represents 
the collective assessment results of 𝑙 experts on the failure mode FM𝑖 concerning the risk 
factor RF𝑗. 
Step 4. Determine the wights of risk factors 

Assuming there are 𝑙  experts evaluating the weights of 𝑛  risk factors, the evaluation 
value of the 𝑘-th expert for the weight of the 𝑗-th risk factor is denoted as 𝑐𝑗(𝑘). The subjective 
weight vector for risk factors is: 
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𝑐𝑗 = ∑ 𝜆(𝑘)𝑙𝑘=1 𝑐𝑗(𝑘)
 (17) 

where  ∑ 𝑐𝑗(𝑘)𝑛𝑗=1 = 1,  𝑘 = 1,2,⋯ , 𝑙.
 

For a risk factor RF𝑗 (𝑗 = 1,2,⋯ , 𝑛), the deviation in the symmetrical form of failure 

mode FM𝑖 (𝑖 = 1,2,⋯ ,𝑚) concerning other failure modes is defined as (Liu et al., 2019): 𝐷𝑖𝑗 = ∑ 𝑃∗𝑚𝑔=1 (𝑥𝑖𝑗 , 𝑥𝑔𝑗) = 12 ∑ (𝑃(𝑥̃𝑖𝑗 , 𝑥𝑔𝑗) + 𝑃(𝑥𝑔𝑗 , 𝑥𝑖𝑗))𝑚𝑔=1  (18) 

For the risk factor RF𝑗, the overall deviation of all failure modes concerning other failure 
modes is given by: 𝐷𝑗 = 12 ∑ ∑ (𝑃(𝑥𝑖𝑗 , 𝑥𝑔𝑗) + 𝑃(𝑥𝑔𝑗 , 𝑥𝑖𝑗))𝑚𝑔=1𝑚𝑖=1         = ∑ ∑ 𝑃𝑚𝑔=1𝑚𝑖=1 (𝑥̃𝑖𝑗 , 𝑥𝑔𝑗) = ∑ ∑ 𝑃𝑚𝑔=1𝑚𝑖=1 (𝑥𝑔𝑗 , 𝑥𝑖𝑗) (19) 

Assuming the objective weight for the 𝑗 -th risk factor is denoted as 𝑣𝑗 , the objective 
weight vector for risk factors is given by: 𝑣𝑗 = 1−𝐷𝑗∑ (1−𝐷𝑗)𝑛𝑗=1 ,   𝑗 = 1,2,⋯ , 𝑛 (20) 

This paper adopts a method of multiplicative synthesis to combine subjective weights and 

objective weights, namely the weight vector: 𝑤𝑗 = 𝑐𝑗𝑣𝑗∑ 𝑐𝑗𝑛𝑗=1 𝑣𝑗 ,   𝑗 = 1,2,⋯ , 𝑛 (21) 

Step 5. Calculate the weighted collective risk assessment matrix 

Based on Step 4, and considering the evaluation information from expert weights, further 

calculate the weighted collective risk assessment matrix: 𝑟𝑖𝑗 = ([𝑎̂𝑖𝑗 , 𝑏̂𝑖𝑗], [𝑐̂𝑖𝑗 , 𝑑̂𝑖𝑗])        = ∑ 𝑤𝑗𝑛𝑗=1 𝛼𝑖𝑗 (22)       = ([1 − ∏ (1 − 𝑎𝑖𝑗)𝑤𝑗𝑛𝑗=1 , 1 − ∏ (1 − 𝑏𝑖𝑗)𝑤𝑗𝑛𝑗=1 ], [∏ (𝑐𝑖𝑗)𝑤𝑗𝑛𝑗=1 , ∏ (𝑑𝑖𝑗)𝑤𝑗𝑛𝑗=1 , ])  

where  𝑖 = 1,2,⋯ ,𝑚, 𝑗 = 1,2,⋯ , 𝑛,  jw  represents the weights for risk factors S, O, and D.
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Step 6. Calculate the BBA and distance matrix 

Based on the operational definition of IVIFNs, BAA vector is calculated as: 𝑔𝑗 = ∏ (𝑟𝑖𝑗)1/𝑚𝑚𝑖=1         = ([∏ 𝑎̂𝑖𝑗1/𝑚𝑚𝑖=1 ,∏ 𝑏̂𝑖𝑗1/𝑚𝑚𝑖=1 ], [1 − ∏ (1 − 𝑐̂𝑖𝑗)1/𝑚𝑚𝑖=1 , 1 − ∏ (1 − 𝑑̂𝑖𝑗)1/𝑚𝑚𝑖=1 ]) (23) 

where 𝑗 = 1,2,⋯ , 𝑛. 
Based on the definition of the Euclidean distance operator, the distance matrix is 

determined as: 

𝑑𝑖𝑗 = {𝑑(𝑟𝑖𝑗 , 𝑔𝑗),          𝑖𝑓 𝑟𝑖𝑗 ≥ 𝑔𝑗−𝑑(𝑟𝑖𝑗 , 𝑔𝑗)，     𝑖𝑓 𝑟𝑖𝑗 < 𝑔𝑗 (24) 

where  𝑖 = 1,2,⋯ ,𝑚, 𝑗 = 1,2,⋯ , 𝑛. 

Step 7. Calculate the grey correlation coefficients 

Based on the weighted risk assessment matrix, the grey correlation coefficient 𝜌𝑖𝑗   is 
calculated: 

𝜌𝑖𝑗 = 𝑚𝑖𝑛1≤𝑗≤𝑛 𝑚𝑖𝑛1≤𝑖≤𝑚(𝑑(𝑟𝑖𝑗,𝑔𝑗))+𝜉 𝑚𝑎𝑥1≤𝑗≤𝑛 𝑚𝑎𝑥1≤𝑖≤𝑚(𝑑(𝑟𝑖𝑗,𝑔𝑗))𝑑(𝑟𝑖𝑗,𝑔𝑗)+𝜉 𝑚𝑎𝑥1≤𝑗≤𝑛 𝑚𝑎𝑥1≤𝑖≤𝑚(𝑑(𝑟𝑖𝑗,𝑔𝑗))  (25) 

In this study, ξ is determined as 0.5 (Hashemi et al., 2015). Based on previous relationship 

of 𝑑𝑖𝑗 and MABAC method, the grey relational matrix with compatibility can be defined as 
follows in the definition of grey correlation coefficient: 

𝜌𝑖𝑗′ = {𝜌𝑖𝑗 ,          𝑖𝑓  𝑟𝑖𝑗 ≥ 𝑔𝑗−𝜌𝑖𝑗，    𝑖𝑓  𝑟𝑖𝑗 < 𝑔𝑗  (26) 

where  𝑖 = 1,2,⋯ ,𝑚, 𝑗 = 1,2,⋯ , 𝑛. 

Step 8. Determine the risk priorities by a distance interval number matrix with GRA 

The entry 𝑑𝑖𝑗 of the distance matrix and the entry 𝜌𝑖𝑗′  of the grey relational matrix are 
normalized separately: 
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𝑑̂𝑖𝑗 = 𝑑𝑖𝑗/√∑ |𝑚𝑖=1 𝑑𝑖𝑗|,   𝑗 = 1,2,⋯ , 𝑛 (27) 𝜌̂𝑖𝑗′ = 𝜌𝑖𝑗′ /√∑ |𝜌𝑖𝑗′ |𝑚𝑖=1 ,   𝑗 = 1,2,⋯ , 𝑛 (28) 

The following distance interval number operator definition method is adopted to establish 

a distance interval number matrix with GRA: 𝑑̃𝑖𝑗 = [𝑚𝑖𝑛(𝑑̂𝑖𝑗 , 𝜌̂𝑖𝑗′) ,𝑚𝑎𝑥(𝑑̂𝑖𝑗 , 𝜌̂𝑖𝑗′)] (29) 

According to the possibility degree sorting method, the risk priority ranking of failure 

modes is obtained by arranging the distance interval numbers in descending order. 

4 An illustrative case  

Ethical approval for this study was granted by the Ethics Committee of Tongji University 

on December 18, 2023. The study was conducted from January to February 2024, involving 

five experts (four males and one female). The experts assessed twenty-three failure modes using 

Linguistic Terms to evaluate risk factors S, O, and D. The collected data were then analyzed 

using the proposed enhanced FMEA model. 

Besides, the application of the model is based on the following key assumptions: 

⚫ Availability of expert assessments: Sufficient and reliable expert evaluations are 

available for risk assessment. 

⚫ Applicability of FMEA to DT projects: FMEA remains a relevant framework for 

evaluating risks in DT environments. 

⚫ Static nature of risk evaluation: Risk evaluations are conducted at a specific point in 

time, without accounting for evolving risk conditions. 

⚫ Quantifiable risk relationships: Risk factors can be numerically assessed and 

prioritized. 
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4.1 Risk assessment process and key results 

This section presents a case study demonstrating the proposed approach, focusing on the 

risk assessment of a DT project within a large Fortune Global 500 construction enterprise in 

China. The company, a leader in the Chinese construction industry, operates across various 

fields, including architectural design, urban planning, and public works. Committed to industry-

leading DT, the company has launched a project that integrates information technology with 

factory production, embedding digital development throughout its entire industry chain. 

Table 2. 
Experts’ profiles 

Expert Position Expertise Years of 
experience 

1 Deputy director of 
construction management 
department of a municipal 

government 

Construction regulations 
formulation, Construction project 

audit, Urban digital twin 

13 

2 Structural design team leader 
of a top design institute 

Construction project design, 
Design optimization, Intelligent 

design 

9 

3 Senior consultant of an 
engineering consulting firm 

Digital transformation consulting 7 

4 Project manager of a key real 
estate company 

Construction project management, 
Project optimization, Intelligent 

construction 

11 

5 Professor at a top civil 
engineering school 

Architectural structural disaster 
prevention, Structural performance 
evaluation, Digital technology in 

construction 

23 

Given the construction industry's numerous subsectors, five experts, each with over five 

years of experience in DT, were selected from five sub-industries: consulting, design, regulation, 

construction, and research. These experts formed the evaluation team for this assessment, with 

their profiles detailed in Table 2. Before the evaluation, all experts received comprehensive 

information about the project to ensure they were well-informed. As per Duan et al. (2019) and 



20 

 

Liu et al. (2018a), the expert panel members considered is acceptable. 

Drawing from literature and expert advice, the failure modes (𝐹𝑀𝑖) and their effects on 
the DT project in the construction enterprise were identified. Using the Technology–

Organization–Environment (TOE) framework and expert feedback, these 𝐹𝑀𝑖  were 
categorized into five areas: Resources, Technology, Organization, Environment and Industry 

chain. Table 3 details each 𝐹𝑀𝑖 and the corresponding source literature. This study focuses 
exclusively on the failure modes and effects relevant to the implementation of the DT project, 

excluding risks from other processes. 

Table 3. 
Failure modes and effect of DT in construction enterprise 

FMi Failure Mode and Effect Category Reference 

FM1 Limited fund in construction 
enterprises lead to slow progress in 
DT projects 

Resource 

(Kargas et al., 2023; Li et 
al., 2018) 

FM2 Difficulty in obtaining external funds 
may cause DT projects to be 
suspended 

(Kargas et al., 2023; S. 
Liu et al., 2023; Zhu & 

Yan, 2022) 

FM3 Excessive investment in DT projects 
leads to a shortage of funds for other 
critical businesses 

(S. Liu et al., 2023; 
Oludapo et al., 2024) 

FM4 Lack of DT leaders results in a lack 
of direction and strategic guidance 

(Oludapo et al., 2024; 
Syed et al., 2023) 

FM5 Employees lack knowledge of DT, 
leading to frequent errors during 
implementation 

(Kargas et al., 2023; Syed 
et al., 2023) 

FM6 Lack of compatible hardware and 
software systems increases the 
pressure and workload on internal 
R&D personnel 

Technology 

(Cheng & Teizer, 2013; Li 
et al., 2018; Linderoth et 
al., 2018; Zhu & Yan, 

2022) 
FM7 Inconsistent data standards lead to 

discontinuity in business processes  

(Cheng & Teizer, 2013; Li 
et al., 2018; Pfnür & 
Wagner, 2020) 

FM8 Complex data types affect the 
enterprise's data analysis capabilities 

(Koscheyev et al., 2019; 
Sun et al., 2021; Zhu & 

Yan, 2022) 
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FM9 Insufficient data asset sorting results 
in inadequate support for business 
decisions 

(Gangwar, 2018; 
Linderoth et al., 2018; 
Zhu & Yan, 2022) 

FM10 Lack of a company-wide strategic 
system causes DT projects to lack 
comprehensive planning and 
consistency 

Organization 

(Kargas et al., 2023; 
Papavasiliou et al., 2024) 

FM11 Lack of coordination mechanisms 
with existing businesses leads to 
conflicts between new and existing 
businesses 

(Oludapo et al., 2024; 
Papavasiliou et al., 2024) 

FM12 Lack of information transmission 
mechanisms forms "data silos," 
resulting in low collaboration 
efficiency 

(Ghafoori et al., 2024; 
Oludapo et al., 2024; 
Saihi et al., 2023) 

FM13 Absence of learning and training 
mechanisms reduces the digital 
productivity of the enterprise 

(Shang et al., 2024; Syed 
et al., 2023) 

FM14 Lack of performance evaluation 
mechanisms causes employees to 
pay less attention to DT projects 

(Narbariya et al., 2022; 
Syed et al., 2023) 

FM15 Inconsistencies between 
management and employee goals 
lead to low execution efficiency 

(Christodoulou et al., 
2022; Kargas et al., 2023; 

Saihi et al., 2023) 
FM16 Lack of vigilance towards changes in 

the industry environment weakens 
market adaptability 

Environment 

(Ghafoori et al., 2024; 
Papavasiliou et al., 2024) 

FM17 Employees' lack of recognition of 
DT leads to low motivation and 
participation 

(Papavasiliou et al., 2024; 
Saihi et al., 2023) 

FM18 The enterprise lacks an innovative 
atmosphere, resulting in a scarcity of 
employee innovations 

(Escoz Barragan et al., 
2024; Kargas et al., 2023) 

FM19 Absence of an innovation reward 
culture leads to insufficient employee 
innovation motivation 

(Kiefer et al., 2021; 
Papavasiliou et al., 2024) 

FM20 Lack of strong DT consulting 
services causes the enterprise to have 
cognitive biases about projects 

Industry 
Chain 

(Bode et al., 2022; Bode 
et al., 2021) 

FM21 Lack of control over cloud platforms 
and other third-party services 
increases the risk of data leakage 

(Cheng & Teizer, 2013; 
Forcael et al., 2020; Li et 
al., 2018; Yee‐Loong 
Chong & Ooi, 2008) 

FM22 Lack of cooperation in the industry (Craveiro et al., 2019; H. 
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chain hinders the realization of 
comprehensive digital solutions for 
the enterprise 

Liu et al., 2023; 

Szalavetz, 2020) 

FM23 Lack of business cooperation with 
customers, suppliers, and 
competitors leads to strategic 
deviations in DT projects 

(Li et al., 2022; Szalavetz, 

2020) 

Five experts initially assessed twenty-three failure modes using Linguistic Terms for risk 

factors S, O, and D, with detailed results available in Appendix A1. To finalize the semantic 

evaluations, subjective weights were assigned based on each expert's experience and expertise, 

resulting in weights of 0.25, 0.15, 0.1, 0.2, and 0.3 for Experts 1 to 5, respectively. Based on 

Step 2, the objective weights were determined as 0.2071, 0.2056, 0.2064, 0.2088, and 0.1722. 

These were combined with the subjective weights, yielding final expert weights of 0.2632, 

0.1568, 0.1049, 0.2123, and 0.2627. 

The entropy method was used to determine the objective weights of the risk factors, 

considering their inherent significance. The calculated objective weights for S, O, and D were 

0.28467, 0.41982, and 0.29551, respectively. The final weights for S, O, and D were determined 

by combining these with the subjective weights as 0.3148, 0.3977, and 0.2875. Based on these, 

the aggregated failure mode evaluations were calculated, with the weighted assessment matrix 

available in Appendix A2. Additionally, the grey relational matrix (Appendix A3) was 

computed using 𝜉 = 0.5 (Hashemi et al., 2015), which balances the impact of extreme values 
and ensures robust and reliable correlation analysis results. Considering the dominant nested 

loops and sorting steps, the overall time complexity of this case is O(m * n * p + m log m), 

where m is the number of failure modes, n is the number of criteria and p is the number of 

experts, in this case m = 23 (failure modes), n = 12 (criteria), p = 5 (experts), which remains 

practical for real-world applications. 
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The comparative ranking results are shown in Table 4. To demonstrate the reliability of the 

proposed FMEA model, a comparison with existing failure ranking methods is necessary (Liu 

et al., 2017). Therefore, Table 4 presents the ranking results computed using the MABAC-GRA 

method alongside those from the conventional FMEA method (RPN) (Faghih-Roohi et al., 

2020) , the IF-TOPSIS enhanced FMEA method (Liu et al., 2019), and one of the latest FMEA 

methods using evidential BWM and SMAA-MARCOS (Ju et al., 2024), enabling a 

comprehensive comparative analysis. 

Table 4. 
Ranking Results of Failure Modes Based on the Improved FMEA Model 

 S O D RPN IF-TOPSIS MABAC-GRA 
BWM-SMAA-

MARCOS 

FM1 8 3 8 8 18 6 23 

FM2 6 7 8 2 21 1 21 

FM3 1 7 9 18 10 13 15 

FM4 3 3 6 19 12 11 20 

FM5 8 7 5 3 5 20 12 

FM6 2 6 9 16 9 16 13 

FM7 10 4 6 5 20 5 5 

FM8 1 9 3 22 22 3 4 

FM9 1 4 4 23 7 14 2 

FM10 8 2 8 12 4 18 3 

FM11 4 6 2 20 1 21 6 

FM12 6 9 8 1 19 4 8 

FM13 7 3 6 14 2 22 14 

FM14 3 6 2 21 8 17 22 

FM15 6 4 9 7 16 8 9 

FM16 8 3 6 10 13 15 17 

FM17 8 4 4 12 15 9 11 

FM18 2 7 8 15 14 10 10 

FM19 7 3 5 17 6 19 19 

FM20 8 9 2 10 11 12 16 

FM21 3 8 7 9 3 23 18 

FM22 7 8 5 3 23 2 1 

FM23 8 7 4 6 17 7 7 

4.2 Results and Discussion 
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Firstly, as shown in Table 4, the conventional RPN, IF-TOPSIS, the proposed MABAC-

GRA methods, and BWM-SMAA-MARCOS methods, they produce different risk rankings for 

each failure mode (with 1 as the highest risk and 23 as the lowest). The Spearman rank 

correlation coefficients (Zar, 2005) among RPN and MABAC-GRA, RPN and IF-TOPSIS, and 

RPN and BWM-SMAA-MARCOS, are 0.399, -0.457, and 0.024 respectively, indicating that 

RPN and MABAC-GRA have more similar rankings compared to RPN and IF-TOPSIS, and 

PRN and BWM-SMAA-MARCOS. 

 

a. Risk Scatter Plot between RPN and MABAC-GRA Methods 

 

b. Risk Scatter Plot between RPN and IF-TOPSIS Methods 

Fig. 2. Risk Scatter Plots for Different Evaluation Methods 

Based on the final ranking results in Table 4, risk ranking scatter plots are shown in Fig. 2. 
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In both Fig. 2a and 2b, the horizontal axis represents the RPN ranking, where values increase 

to the right, indicating higher risk (1 = highest, 23 = lowest). The vertical axis in Fig. 2a and 2b 

represents the ranking results of the MABAC-GRA and IF-TOPSIS methods, respectively, with 

values increasing vertically to indicate higher risk (1 = highest, 23 = lowest). 

Figure 2 shows that the MABAC-GRA method's rankings are positively correlated with 

those of the RPN method, while the IF-TOPSIS method shows a negative correlation with RPN. 

This suggests that MABAC-GRA aligns more closely with the basic FMEA model, providing 

more consistent and reliable rankings. In contrast, IF-TOPSIS introduces different 

considerations, leading to less alignment with RPN. This is consistent with the Spearman rank 

correlation results, indicating that IF-TOPSIS, as well as BWM-SMAA-MARCOS, may be less 

suitable for risk assessment in the DT of the construction sector. The variability in expert 

expertise contributes to differences in assessment criteria, leading to this disparity. The study 

introduces an objective weighting method to address this disparity issue and to more precisely 

determine expert importance, accounting for positional sensitivity in evaluation data. The 

integration of MABAC and GRA methods using a distance interval number operator further 

minimizes information loss during the transformation of diverse expert decision-making data. 

By effectively combining subjective and objective weights, the decision-making process is 

optimized. The results demonstrate that the proposed MABAC-GRA improved FMEA model 

is highly adaptable to the subjectivity challenges (Chakraborty et al., 2023; Silva et al., 2023) 

posed by diverse expert opinions in the risk assessment of DT projects in construction 

enterprises. 

Secondly, according to the MABAC-GRA ranking results, the top five failure modes with 



26 

 

the highest risks in the enterprise's DT process are FM2, FM22, FM8, FM12, and FM7. Except for 

FM8, Figure 3a shows that the other four also rank high in the RPN, warranting specific analysis: 

a) FM2: DT in construction requires significant financial support for talent acquisition, 

hardware, and software. However, construction companies often face working capital 

issues and liquidity crises, (Mahmoudi et al., 2023) exacerbated by COVID-19 and 

industry pressures, particularly in countries like China (Deng et al., 2024; Liu et al., 2022). 

This makes securing external funding crucial. A construction firm's growth depends 

heavily on its ability to obtain capital for project investments (Paganin, 2021). Without 

adequate funding, tight cash flow not only jeopardizes ongoing projects but also threatens 

the company’s financial stability. Thus, FM2 is a critical risk in the DT of construction 

companies. 

b) FM22: The construction industry's interconnected nature, with its long industry chain—

including consulting, exploration, design, construction, supervision, and operation—

requires that DT aligns with industry characteristics. The chain involves multiple actors 

who interact dynamically and make decisions at various stages, which are crucial to the 

industry's overall functioning (Giorgi et al., 2020). However, these interactions are often 

fragmented and discontinuous, complicating DT efforts. Therefore, incorporating the entire 

construction industry chain into a DT project is vital (Leising et al., 2018). Projects that 

focus solely on individual enterprise needs, without integrating related businesses, risk 

becoming insular and limiting potential benefits. To fully leverage DT, fostering 

collaboration among all actors within the industry chain is essential. A lack of cooperation 

within the industry chain could significantly hinder the development of digital solutions 
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for the enterprise. 

c) FM7: The construction industry generates vast amounts of unstructured data, including 

drawings and models. Effectively storing and extracting value from this data according to 

unified standards poses significant challenges. When data from different sources lacks 

standardization, it becomes difficult to merge and analyze, leading to fragmented 

information. This fragmentation disrupts workflows, causing delays, errors, and 

inefficiencies, which in turn hinder continuous business operations and expose 

organizations to unacceptable risks (Sadiq et al., 2007). 

d) FM12: Like many projects in construction companies, DT involves multiple departments. 

The lack of robust communication mechanisms often leads to 'data silos,' which hinder 

business operations and data analysis across departments, systems, and units (Abdel-Aty 

& Negri, 2024). Unlike traditional projects, DT is data-driven and data-intensive. However, 

current data management in construction relies on traditional siloed approaches, with low 

digitalization, heterogeneous data sources, and poor data quality (Hernández et al., 2023). 

These issues exacerbate the data silo effect, impeding collaboration as teams struggle to 

access necessary data from other departments. This lack of access results in redundant 

efforts, miscommunication, and delays, posing significant risks to the DT project. 

e) FM8: In the construction industry, multiple stakeholders from different subsectors have 

distinct data needs, leading to significant data fragmentation (Hernández et al., 2023). 

Despite efforts to address this issue, the heterogeneous nature of building-related data 

continues to hinder integration (Koh et al., 2017). A universally accepted data treatment 

methodology has yet to be established across domains (Fan et al., 2021). This gap indicates 
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that current enterprise data analysis capabilities struggle to handle complex data types, 

posing a significant challenge to DT projects. Although this issue may appear less risky in 

the RPN ranking, the high risk identified through the MABAC-GRA model highlights the 

advantages of the improved assessment approach. 

The risks associated with FM19, FM5, FM11, FM13, and FM21 are identified as the lowest, 

allowing the company to reduce focus on these specific risk factors. Notably, FM19, FM11, and 

FM13 also exhibited low risks in the RPN rankings, underscoring their minimal impact on 

operational concerns: 

a) FM5: Employee knowledge is crucial for effective change (Jones et al., 2005). A workforce 

skilled in digital technologies enhances their utilization at the firm level (Cetindamar et al., 

2024). Thus, organizations must employ digitally skilled workers to maximize the benefits 

of their technology investments (Rocha et al., 2023). Job seekers often find large 

companies attractive due to their friendly and open access culture, teamwork, 

compensation, training and development (Marinakou, 2019). As a leading construction 

enterprise, the analyzed company benefits from this talent attraction effect, making the risk 

of a talent shortage minimal in its DT project. The MABAC-GRA model accurately reflects 

this reality, showing greater consistency with the actual situation. 

b) FM21: The construction industry has adopted cloud computing, like cloud-based BIM, and 

third-party software to support DT (Cabrera-Silva et al., 2021). Traditional design and 

management systems increasingly depend on third-party resources, such as cloud centers 

and edge nodes ( u et al., 2022). A significant risk in this context is the unauthorized 

disclosure and data leakage of shared information (Bhargava et al., 2013). However, due 
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to strict contractual obligations and compliance with Chinese regulations, such as the 

"Cybersecurity Law" and the "Personal Information Protection Law," the risk of 

operational consequences from information leakage is minimal in DT projects in China, 

even when using third-party services. 

c) FM11, FM13 and FM19: Effective coordination is essential for successful construction 

projects (Fauzi et al., 2023). A lack of coordination can lead to cost overruns, delays, unmet 

project requirements, and strained client relationships (Wang et al., 2018). Furthermore, 

the success of DT depends on employees' ability to effectively leverage new technologies 

(Cui et al., 2021; Rocha et al., 2023). Therefore, organizations investing in digital 

technologies must also invest in training their employees to maximize the benefits of these 

tools. Additionally, fostering an innovative culture that supports and rewards innovation is 

crucial for the performance of DT projects (Amabile et al., 2004; Sagbas et al., 2023). 

However, despite the importance of these factors, these three failure modes exhibit low 

risks according to both the RPN and proposed MABAC-GRA rankings. This may be 

because the company, a Fortune Global 500 leader in the construction industry, has already 

established mature institutional processes, robust training programs, and a strong corporate 

culture. These factors likely reduce the risks associated with coordination, employee 

training, and innovation, resulting in lower operational risks in these areas. 

The proposed FMEA model outperforms the original RPN method in risk identification 

and ranking, offering more accurate and reliable results. Supported by literature and real-world 

evidence, this model's precision enhances decision-making and risk management in projects. 
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Fig. 3. Risk Assessment of Failure Mode Groups 

Finally, according to Table 3, the 23 risk factors were grouped into five failure modes: 

Resources, Technology Organization, Environment and Industry Chain. After assigning ranks 

on a 1-5 scale, average ordinal values for each group were calculated, resulting in the risk 

assessment radar chart in Fig. 3. The chart rates risk from 1 (lowest) to 5 (highest), with 

intermediate values indicating varying risk levels. 

The chart reveals that Technology carries the highest risk, while Organization has the 

lowest. This highlights the importance of focusing on digital technology in risk management 

for DT projects. Despite the use of digital platforms, construction companies often fall short of 

necessary digital technology standards, with inadequate technical support hindering 

development (Criado-Perez et al., 2022). Therefore, investment in technology is critical (Gu & 

London, 2010), alongside managing associated risks. The low risk in Organization reflects the 

company's mature management mechanisms, effectively mitigating organizational challenges. 

5 Insights 

From a theoretical perspective, this study advances FMEA model development and DT 

risk assessment literature in several ways. It introduces an enhanced FMEA model that 
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integrates MABAC and GRA methods, specifically tailored for assessing DT project risks in 

the construction industry. The illustrative case shows that this MABAC-GRA method assesses 

risks more accurately and reliably compared to the original FMEA's RPN method and the IF-

TOPSIS method. This suggests that previous FMEA models may not be suitable for DT risk 

assessment in construction. The proposed model addresses weight ambiguity due to positional 

changes in matrix elements, improving the resolution of weights and resulting in more precise 

calculations of combined expert weights. Additionally, the combination of MABAC and GRA 

corrects evaluation information heterogeneity and the fuzzy distance caused by hesitation in 

human decision-making, providing substantial enhancements to FMEA and fuzzy number 

literature, and offering a robust framework for digital risk assessment theories. 

Moreover, while previous literature discusses various risks in DT projects, this study 

confirms that insufficient funding is a significant risk for construction companies. However, not 

all risks from earlier studies are universally applicable; for example, large companies may not 

face a shortage of DT talent due to their ability to attract skilled workers. A successful DT 

strategy involves not just technology but also culture, management, and human resources 

(Ismail et al., 2017). Although extensively researched, the specific impact of technology on 

these projects has been less studied. (Tsiavos & Kitsios, 2021). This study highlights that 

technology plays a pivotal role, emerging as the most significant risk factor in the DT of the 

construction industry. 

From a managerial perspective, this study provides valuable insights for project managers 

seeking to mitigate risks in DT projects within construction enterprises. The developed method 

could be integrated into software tools used by these enterprises to manage risks. Key actionable 
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recommendations include: 

a) Ensuring adequate fundings: DT in the construction industry requires substantial capital, 

often constrained by low margins and limited financial flexibility. Adequate funding, 

especially for technology investments, is crucial for project success. Construction 

companies should accurately budget and develop advanced funding plans to avoid financial 

pitfalls. 

b) Developing data standards: Unified data standards are essential for high data quality in 

DT projects. While industry-wide standards may be challenging to establish, construction 

companies should create internal standards, including data categorization methods, master 

data identification, and data architecture development. This will improve data organization 

and communication, enhancing project efficiency. 

c) Enhancing internal and external cooperation: The construction industry often suffers 

from fragmentation and poor collaboration (Criado-Perez et al., 2022). To address this, 

companies can implement integrated communication platforms, form cross-functional 

teams, and develop feedback mechanisms. These strategies reduce data silos, improve 

collaborative efficiency, and increase the success rate of DT projects. 

d) Special notions: The analyzed company, as a leader in the construction industry, has 

distinct advantages, such as resource acquisition, substantial financial investment, 

comprehensive institutional frameworks, and strong industry influence. In contrast, smaller 

or single-business construction companies may excel in areas like corporate culture, 

institutional flexibility, and collaboration speed. To achieve accurate risk assessments, 

these differences necessitate tailored evaluations and further analysis using the proposed 
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model. This approach ensures that risk assessments align with the unique challenges and 

strengths of each enterprise, enhancing the strategic value of the analysis. Moreover, the 

failure modes used in the case study focus specifically on DT risks, not other processes. If 

risk assessments are needed for other aspects of DT, new failure modes can be 

independently generated and ranked using the proposed method. Additionally, 

geographical factors do not limit the model's applicability; construction companies 

worldwide can adapt the model to assess and prioritize risks relevant to their context. 

6 Conclusion and Research Directions 

This study proposed an FMEA model integrating MABAC and GRA to prioritize failure 

mode risks, using a DT project in a construction enterprise as a case study. The model offers 

several key advantages: 

(1) By employing IVIFNs, the model unifies heterogeneous information and accounts for 

the positional relationships in the risk factor evaluation matrix. This enhances the accuracy, 

objectivity, and reliability of expert weight calculations in practical applications. 

(2) The model combines MABAC and GRA, overcoming GRA's limitations in analyzing 

correlations between identical factors across different evaluation sequences. This integration 

leverages the strengths of both methods. 

(3) The introduction of distance interval number operators, coupled with a probability-

based ranking method, allows the model to accommodate a wide range of decision-maker 

subjectivities and preference fluctuations. This approach minimizes information loss and 

considers evaluative tendencies and hesitations, improving the robustness of expert evaluations. 

This study confirmed the reliability of the proposed FMEA model through a detailed case 
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analysis, offering management strategies to mitigate DT risks in the construction industry. The 

model identified the top five failure modes posing the highest risks: FM2 (difficulty in obtaining 

external funds), FM22 (lack of cooperation in the industry chain), FM8 (complex data types 

affecting analysis capabilities), FM12 (data silos reducing collaboration efficiency), and FM7 

(inconsistent data standards disrupting business processes). To mitigate these risks, enterprises 

should closely monitor financial stability, ensuring sufficient cash flow and support during DT. 

Enhancing both external cooperation and internal communication is crucial to reducing 

strategic risks. Prioritizing the establishment of consistent data standards is also essential to 

avoid undermining digital efforts. 

While the proposed approach enhances conventional FMEA for DT projects, it has several 

limitations. First, the model relies on expert input, which may introduce subjectivity and 

potential biases. Although IVIFNs help capture uncertainty in expert judgments, the selection 

of subjective expert weights could be improved through more systematic methodologies. 

Second, the model assumes a static risk evaluation framework, which does not explicitly 

account for the evolving nature of risks in DT projects. Future research could explore dynamic 

risk modeling techniques to enhance adaptability. Third, the computational complexity of the 

MABAC-GRA integration increases with larger datasets, potentially limiting scalability in real-

time applications. Lastly, while this study focuses on DT risks, its application in traditional 

industries undergoing digital transformation requires further investigation to assess 

generalizability.  

Future work could focus on enhancing the practical applicability and computational 

efficiency of the proposed model. One direction is to develop an Excel-based or web-based 
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decision-support platform, enabling practitioners to apply the model without extensive 

programming knowledge. Additionally, integrating machine learning techniques could optimize 

expert weight assignment, reducing subjectivity and improving risk evaluation accuracy. 

Another potential improvement is to incorporate dynamic risk modeling, utilizing Hidden 

Markov Models (HMMs), Bayesian updating, or reinforcement learning to adaptively adjust 

risk rankings over time. Finally, optimizing computational efficiency through parallel 

computing or heuristic-based techniques could enhance scalability for large-scale applications, 

making the model more suitable for real-time decision-making in complex digital 

transformation projects.  
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Code Availability Statement 

The implementation of the proposed MABAC-GRA risk assessment model is publicly 

available at https://github.com/yxdong216/RiskAssessment4DT_Construction. This repository 

ensures transparency and facilitates reproducibility for further research and practical 

applications. 

Appendix 

A1. Linguistic assessment on failure modes by the FMEA team members 
 S O D 

 TM1 TM2 TM3 TM4 TM5 TM1 TM2 TM3 TM4 TM5 TM1 TM2 TM3 TM4 TM5 

FM1 H VH EXH VH L H VH VH MH ML EXH VH EL EL ML 

FM2 VH M EXH L VH VH L EXH VH VH EXH EH EL VL ML 

FM3 M EXH EXH EXH VH ML VH VH EL VL VH EH L EL VL 

FM4 L EH EXH VH EH ML EH EXH ML VH ML L L MH H 

FM5 H EH MH H VH M VH EXH L VH L L EL MH VH 

FM6 ML H EXH VH H M MH EXH VH H M EH M VL ML 

FM7 EH EH EXH H H EH L EXH VH VH EH H MH L L 

FM8 EH H EH H VH EH EH EXH VH VH EH EH L L ML 

FM9 EXH H VH H EH EXH EH EXH H VH ML M L L MH 

FM10 EXH VH VH H EH EXH MH EH MH VH VL MH L ML H 

FM11 H EH EXH EH EH H VH VH ML ML L EH L VL ML 

FM12 MH EH EXH MH VH EXH EH EXH EH ML VL EH L L ML 

FM13 M VH VH MH EH MH ML EXH ML EH M VH L L ML 

FM14 EH VH VH ML H EH VH EXH H M ML VL L L M 

FM15 M VH EXH EH VH VH VH EXH VH VH ML VL L VH VH 

FM16 H EH EH H ML EH EH EXH VH H VL L M VH M 

FM17 MH EH EH EH H EXH ML EXH MH VH M L L M ML 

FM18 MH EH VH EH H EXH EH EXH MH H M VL L L M 

FM19 M EH VH ML M H EH VH VH H M VL MH VL MH 

FM20 MH H H VH VH ML EH EH MH VH H VH VL VL ML 

FM21 M VH VH EH H ML MH EH MH L MH L L ML VH 

FM22 EXH EH EH VH EH VH EH EXH M H ML EH EL VL M 

FM23 EXH EH VH H VH MH H VH M H L ML M ML ML 

 

A2. The weighted collect assessment matrix 

 S O D 

FM1 ([0.4487,0.5016],[0.3976,0.4706]) ([0.3311,0.4250],[0.4180,0.5721]) ([0.5881,0.5944],[0.3924,0.4056]) 

FM2 ([0.4771,0.5271],[0.3819,0.4711]) ([0.4106,0.4565],[0.4575,0.5417]) ([0.6262,0.6262],[0.3738,0.3738]) 

FM3 ([0.3434,0.3740],[0.5656,0.6260]) ([0.5855,0.6090],[0.3404,0.3889]) ([0.3576,0.3836],[0.5685,0.6075]) 
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FM4 ([0.1571,0.2122],[0.6889,0.7826]) ([0.4663,0.4964],[0.4466,0.4994]) ([0.6313,0.6353],[0.3576,0.3625]) 

FM5 ([0.1706,0.2371],[0.6498,0.7319]) ([0.4129,0.4747],[0.4155,0.5209]) ([0.4938,0.5058],[0.4588,0.4769]) 

FM6 ([0.2420,0.2955],[0.6039,0.7045]) ([0.3910,0.4661],[0.4070,0.4950]) ([0.5294,0.5294],[0.4706,0.4706]) 

FM7 ([0.4485,0.4793],[0.4625,0.5150]) ([0.4073,0.4783],[0.4037,0.5010]) ([0.5588,0.5693],[0.3999,0.4157]) 

FM8 ([0.4485,0.4793],[0.4625,0.5150]) ([0.4707,0.5325],[0.3615,0.4567]) ([0.5611,0.5658],[0.4257,0.4316]) 

FM9 ([0.4913,0.5249],[0.4160,0.4629]) ([0.4085,0.4607],[0.4466,0.5268]) ([0.2803,0.3378],[0.5384,0.6262]) 

FM10 ([0.4687,0.4943],[0.4420,0.4821]) ([0.3894,0.4708],[0.3725,0.4940]) ([0.2028,0.2527],[0.6557,0.7365]) 

FM11 ([0.2385,0.2953],[0.6071,0.6822]) ([0.5130,0.5300],[0.4371,0.4700]) ([0.3576,0.3836],[0.5685,0.6075]) 

FM12 ([0.3287,0.3596],[0.5493,0.5986]) ([0.5037,0.5260],[0.4308,0.4740]) ([0.6313,0.6353],[0.3576,0.3625]) 

FM13 ([0.1754,0.2056],[0.7173,0.7642]) ([0.4759,0.5323],[0.3668,0.4677]) ([0.4238,0.4516],[0.4947,0.5451]) 

FM14 ([0.3196,0.3550],[0.5817,0.6355]) ([0.2851,0.3599],[0.4995,0.6270]) ([0.5296,0.5523],[0.4039,0.4450]) 

FM15 ([0.2919,0.3364],[0.5792,0.6636]) ([0.3453,0.4399],[0.3938,0.5563]) ([0.6313,0.6353],[0.3576,0.3625]) 

FM16 ([0.2616,0.3328],[0.5363,0.6444]) ([0.3759,0.4152],[0.5162,0.5691]) ([0.5743,0.5743],[0.4257,0.4257]) 

FM17 ([0.3381,0.3689],[0.5449,0.5882]) ([0.3708,0.4275],[0.4732,0.5599]) ([0.5611,0.5658],[0.4257,0.4316]) 

FM18 ([0.3381,0.3689],[0.5449,0.5882]) ([0.3866,0.4311],[0.4826,0.5469]) ([0.5296,0.5523],[0.4039,0.4450]) 

FM19 ([0.2281,0.2716],[0.6464,0.7231]) ([0.3780,0.4060],[0.5335,0.5790]) ([0.4936,0.5317],[0.3871,0.4520]) 

FM20 ([0.2196,0.3060],[0.5207,0.6351]) ([0.4175,0.5123],[0.3362,0.4765]) ([0.4726,0.4933],[0.4626,0.4958]) 

FM21 ([0.2402,0.2795],[0.6157,0.6716]) ([0.2454,0.3328],[0.5130,0.6355]) ([0.4958,0.5201],[0.4330,0.4770]) 

FM22 ([0.4389,0.4694],[0.4721,0.5306]) ([0.5501,0.5676],[0.4002,0.4243]) ([0.5550,0.5550],[0.4450,0.4450]) 

FM23 ([0.4035,0.4301],[0.5160,0.5513]) ([0.3863,0.4494],[0.4430,0.5353]) ([0.4973,0.5237],[0.4240,0.4763]) 

 

A3. Grey Correlation Matrix（𝜉 = 0.5） 

 S O D  S O D  S O D 

FM1 0.9105 0.7446 0.8034 FM9 0.9311 0.7841 0.5866 FM17 0.7418 0.7466 0.7686 

FM2 0.9387 0.7756 0.8428 FM10 0.8912 0.8123 0.5281 FM18 0.7418 0.7529 0.7583 

FM3 0.7285 1.0000 0.6075 FM11 0.6628 0.8605 0.6075 FM19 0.6389 0.7213 0.7443 

FM4 0.5957 0.8213 0.8579 FM12 0.7330 0.8574 0.8579 FM20 0.6894 0.8535 0.6997 

FM5 0.6189 0.8008 0.7135 FM13 0.5958 0.8774 0.6606 FM21 0.6602 0.6639 0.7240 

FM6 0.6593 0.8015 0.7268 FM14 0.7114 0.6841 0.7583 FM22 0.8421 0.9210 0.7543 

FM7 0.8580 0.8101 0.7814 FM15 0.6943 0.7631 0.8579 FM23 0.7964 0.7725 0.7278 

FM8 0.8580 0.8818 0.7686 FM16 0.7011 0.7305 0.7765     

 

  



38 

 

References 

Abdel-Aty, T. A., & Negri, E. (2024). Conceptualizing the digital thread for smart 
manufacturing: a systematic literature review. Journal of Intelligent Manufacturing. 
https://doi.org/10.1007/s10845-024-02407-1  

Agarwal, R., Chandrasekaran, S., & Sridhar, M. (2016). Imagining construction’s digital future. 
McKinsey & Company, 24(06).  

Almeraz-Durán, S., Pérez-Domínguez, L. A., Luviano-Cruz, D., Hernández Hernández, J. I., 
Romero López, R., & Valle-Rosales, D. J. (2021). A proposed framework for developing 
FMEA method using pythagorean fuzzy CODAS. Symmetry, 13(12), 2236.  

Amabile, T. M., Schatzel, E. A., Moneta, G. B., & Kramer, S. J. (2004). Leader behaviors and 
the work environment for creativity: Perceived leader support. The leadership quarterly, 
15(1), 5-32.  

Atanassov, K. T. (1999a). Interval valued intuitionistic fuzzy sets. Intuitionistic fuzzy sets: 
Theory and applications, 139-177.  

Atanassov, K. T. (1999b). Intuitionistic fuzzy sets. Springer.  

Battistoni, E., Gitto, S., Murgia, G., & Campisi, D. (2023). Adoption paths of digital 
transformation in manufacturing SME. International Journal of Production Economics, 
255, 108675. https://doi.org/https://doi.org/10.1016/j.ijpe.2022.108675  

Bhargava, B., Ranchal, R., & Othmane, L. B. (2013). Secure information sharing in digital 
supply chains. 2013 3rd IEEE international advance computing conference (IACC),  

Bhattacharya, S., & Momaya, K. (2021). Actionable strategy framework for digital 
transformation in AECO industry. Engineering, construction and architectural 
management, 28(5), 1397-1422.  

Bode, M., Daneva, M., & van Sinderen, M. J. (2022). Characterising the digital transformation 
of IT consulting services–Results from a systematic mapping study. IET software, 16(5), 
455-477.  

Bode, M., Deneva, M., & van Sinderen, M. J. (2021). Requirements for Digital IT Consulting 
Services and their Provision through Digital Consulting Platforms-Results from a focus 
group study. 2021 IEEE 23rd Conference on Business Informatics (CBI),  

Braglia, M., Frosolini, M., & Montanari, R. (2003). Fuzzy TOPSIS approach for failure mode, 
effects and criticality analysis. Quality and Reliability Engineering International, 19(5), 
425-443.  

Cabrera-Silva, A., Carrillo-Verdún, J., Martínez-Palacios, P., & Guamán-Coronel, D.-A. (2021). 
Towards Digital Transformation: Serverless Function Deployment Strategies. Revista 
Facultad de Ingeniería, 30(56).  

CAICT. (2023). Research Report on the Development of China's Digital Economy. 
http://www.caict.ac.cn/kxyj/qwfb/bps/202304/P020240326636461423455.pdf 

Cetindamar, D., Abedin, B., & Shirahada, K. (2024). The Role of Employees in Digital 
Transformation: A Preliminary Study on How Employees' Digital Literacy Impacts Use 
of Digital Technologies. IEEE Transactions on Engineering Management, 71, 7837-
7848. https://doi.org/10.1109/tem.2021.3087724  

Chakraborty, S., Raut, R. D., Rofin, T. M., Chatterjee, S., & Chakraborty, S. (2023). A 
comparative analysis of Multi-Attributive Border Approximation Area Comparison 
(MABAC) model for healthcare supplier selection in fuzzy environments. Decision 

https://doi.org/10.1007/s10845-024-02407-1
https://doi.org/https:/doi.org/10.1016/j.ijpe.2022.108675
http://www.caict.ac.cn/kxyj/qwfb/bps/202304/P020240326636461423455.pdf
https://doi.org/10.1109/tem.2021.3087724


39 

 

Analytics Journal, 8, 100290. 
https://doi.org/https://doi.org/10.1016/j.dajour.2023.100290  

Chen, S.-M., Lee, L.-W., Liu, H.-C., & Yang, S.-W. (2012). Multiattribute decision making 
based on interval-valued intuitionistic fuzzy values. Expert Systems with Applications, 
39(12), 10343-10351.  

Cheng, T., & Teizer, J. (2013). Real-time resource location data collection and visualization 
technology for construction safety and activity monitoring applications. Automation in 
construction, 34, 3-15.  

Christodoulou, I. P., Wasim, J., Reinhardt, R. J., & Ivanov, K. (2022). The strategic role of 
middle managers in the formulation and implementation of digital transformation 
projects. Strategic Change, 31(6), 613-622.  

Chunyou, W., Lingling, G., & Jingtao, Y. (2017). Evaluation model and empirical study of 
regional green growth system based on TOPSIS and grey relational analysis. 
Management Review, 29(1), 228.  

Craveiro, F., Duarte, J. P., Bartolo, H., & Bartolo, P. J. (2019). Additive manufacturing as an 
enabling technology for digital construction: A perspective on Construction 4.0. 
Automation in construction, 103, 251-267.  

Criado-Perez, C., Shinkle, G. A., Höllerer, M. A., Sharma, A., Collins, C., Gardner, N., Hank 
Haeusler, M., & Pan, S. (2022). Digital transformation in the Australian AEC industry: 
Prevailing issues and prospective leadership thinking. Journal of construction 
engineering and management, 148(1), 05021012.  

Cui, Y., Jiao, H., & Zhao, G. (2021). A heuristic for all? A multiple needs approach to fairness 
heuristic formation in digital transformation in chinese work organizations. IEEE 
Transactions on Engineering Management.  

De Boer, P.-T., Kroese, D. P., Mannor, S., & Rubinstein, R. Y. (2005). A tutorial on the cross-
entropy method. Annals of operations research, 134, 19-67.  

Deng,  ., Liu, C., & Ong, S. E. (2024). Shadow bank, risk-taking, and real estate financing: 
evidence from the online loan market. The Journal of Real Estate Finance and 
Economics, 68(1), 1-27.  

Dou, R., Liu,  ., Hou, Y., & Wei, Y. (2024). Mitigating closed-loop supply chain risk through 
assessment of production cost, disruption cost, and reliability. International Journal of 
Production Economics, 270, 109174. 
https://doi.org/https://doi.org/10.1016/j.ijpe.2024.109174  

Duan, C.-Y., Chen,  .-Q., Shi, H., & Liu, H.-C. (2019). A new model for failure mode and 
effects analysis based on k-means clustering within hesitant linguistic environment. 
IEEE Transactions on Engineering Management, 69(5), 1837-1847.  

Escoz Barragan, K., Hassan, S. S., Meisner, K., & Bzhalava, L. (2024). Dynamics of digital 
change–measuring the digital transformation and its impacts on the innovation activities 
of SMEs. European Journal of Innovation Management.  

Faghih-Roohi, S., Akcay, A., Zhang, Y., Shekarian, E., & de Jong, E. (2020). A group risk 
assessment approach for the selection of pharmaceutical product shipping lanes. 
International Journal of Production Economics, 229, 107774.  

Fan, C., Chen, M. L., Wang,  . H., Wang, J. Y., & Huang, B. F. (2021). A Review on Data 
Preprocessing Techniques Toward Efficient and Reliable Knowledge Discovery From 

https://doi.org/https:/doi.org/10.1016/j.dajour.2023.100290
https://doi.org/https:/doi.org/10.1016/j.ijpe.2024.109174


40 

 

Building Operational Data. Frontiers in Energy Research, 9, Article 652801. 
https://doi.org/10.3389/fenrg.2021.652801  

Fauzi, M. A., Anuar, K. F., Rahman, R. A., Jupir, J., & Sapuan, N. M. (2023). Determinants of 
project management success: view from an emerging economy. Journal of Engineering, 
Design and Technology, 21(4), 1027-1045.  

Forcael, E., Ferrari, I., Opazo-Vega, A., & Pulido-Arcas, J. A. (2020). Construction 4.0: A 
literature review. Sustainability, 12(22), 9755.  

Gangwar, H. (2018). Understanding the determinants of big data adoption in India: An analysis 
of the manufacturing and services sectors. Information Resources Management Journal 
(IRMJ), 31(4), 1-22.  

Ghafoori, A., Gupta, M., Merhi, M. I., Gupta, S., & Shore, A. P. (2024). Toward the role of 
organizational culture in data-driven digital transformation. International Journal of 
Production Economics, 271, 109205.  

Giannakis, M., & Papadopoulos, T. (2016). Supply chain sustainability: A risk management 
approach. International Journal of Production Economics, 171, 455-470.  

Giorgi, S., Lavagna, M., & Campioli, A. (2020). Circular economy and regeneration of building 
stock: policy improvements, stakeholder networking and life cycle tools. Regeneration 
of the Built Environment from a Circular Economy Perspective, 291-301.  

Gölcük, İ. (2020). An interval type-2 fuzzy reasoning model for digital transformation project 
risk assessment. Expert Systems with Applications, 159, 113579.  

Gu, N., & London, K. (2010). Understanding and facilitating BIM adoption in the AEC industry. 
Automation in construction, 19(8), 988-999.  

Hashemi, S. H., Karimi, A., & Tavana, M. (2015). An integrated green supplier selection 
approach with analytic network process and improved Grey relational analysis. 
International Journal of Production Economics, 159, 178-191.  

Hernández, J. L., Martín, S., Marinakis, V., de Miguel, I., & Ieee. (2023, May 29-31). From 
silos to open, federated and enriched Data Lakes for smart building data management. 
[2023 ieee international workshop on metrology for living environment, metrolivenv]. 
IEEE International Workshop on Metrology for Living Environment (MetroLivEnv), 
Milano, ITALY. 

Ishizaka, A., Lokman, B., & Tasiou, M. (2021). A Stochastic Multi-criteria divisive hierarchical 
clustering algorithm. Omega, 103, 102370. 
https://doi.org/https://doi.org/10.1016/j.omega.2020.102370  

Ismail, M. H., Khater, M., & Zaki, M. (2017). Digital business transformation and strategy: 
What do we know so far. Cambridge Service Alliance, 10(1), 1-35.  

Ivanov, D. (2024). Transformation of supply chain resilience research through the COVID-19 
pandemic. International Journal of Production Research, 1-22.  

Jones, R. A., Jimmieson, N. L., & Griffiths, A. (2005). The impact of organizational culture and 
reshaping capabilities on change implementation success: The mediating role of 
readiness for change. Journal of Management Studies, 42(2), 361-386. 
https://doi.org/10.1111/j.1467-6486.2005.00500.x  

Ju, Y., Zhao, Q., Luis, M., Liang, Y., Dong, J., Dong, P., & Giannakis, M. (2024). A novel 
framework for FMEA using evidential BWM and SMAA-MARCOS method. Expert 
Systems with Applications, 243, 122796.  

https://doi.org/10.3389/fenrg.2021.652801
https://doi.org/https:/doi.org/10.1016/j.omega.2020.102370
https://doi.org/10.1111/j.1467-6486.2005.00500.x


41 

 

Kargas, A., Gialeris, E., Komisopoulos, F., Lymperiou, A., & Salmon, I. (2023). Digital 
Maturity and Digital Transformation Strategy among Greek Small and Medium 
Enterprises. Administrative Sciences, 13(11), 236.  

Kiefer, D., Van Dinther, C., & Spitzmüller, J. (2021). Digital innovation culture: a systematic 
literature review. Innovation Through Information Systems: Volume III: A Collection of 
Latest Research on Management Issues, 305-320.  

Koh, J., Ray, S., Hodges, J., & Ieee. (2017, Jan 30-Feb 01). Information Mediator for Demand 
Response in Electrical Grids and Buildings.IEEE International Conference on Semantic 
Computing [2017 11th ieee international conference on semantic computing (icsc)]. 
11th IEEE International Conference on Semantic Computing (ICSC), San Diego, CA. 

Koscheyev, V., Rapgof, V., & Vinogradova, V. (2019). Digital transformation of construction 
organizations. IOP Conference Series: Materials Science and Engineering,  

Leising, E., Quist, J., & Bocken, N. (2018). Circular Economy in the building sector: Three 
cases and a collaboration tool. Journal of Cleaner Production, 176, 976-989.  

Li, D., Zeng, W., & Yin, Q. (2020). Ranking interval numbers: a review. Journal of Beijing 
Normal University (Natural Science), 56(4), 483-492.  

Li, L., Su, F., Zhang, W., & Mao, J. Y. (2018). Digital transformation by SME entrepreneurs: A 
capability perspective. Information Systems Journal, 28(6), 1129-1157.  

Li, Y., Ding, H., & Li, T. (2022). Path Research on the Value Chain Reconfiguration of 
Manufacturing Enterprises Under Digital Transformation–A Case Study of B Company. 
Frontiers in Psychology, 13, 887391.  

Linderoth, H. C., Elbanna, A. R., & Jacobsson, M. (2018). Barriers for Digital Transformation: 
The Role of Industry. ACIS,  

Liu, H.-C., Li, Z., Song, W., & Su, Q. (2017). Failure mode and effect analysis using cloud 
model theory and PROMETHEE method. IEEE Transactions on Reliability, 66(4), 
1058-1072.  

Liu, H.-C., Liu, L., & Liu, N. (2013). Risk evaluation approaches in failure mode and effects 
analysis: A literature review. Expert Systems with Applications, 40(2), 828-838.  

Liu, H.-C., Wang, L.-E., Li, Z., & Hu, Y.-P. (2018a). Improving risk evaluation in FMEA with 
cloud model and hierarchical TOPSIS method. IEEE Transactions on Fuzzy Systems, 
27(1), 84-95.  

Liu, H.-C., You, J.- ., & Duan, C.-Y. (2019). An integrated approach for failure mode and effect 
analysis under interval-valued intuitionistic fuzzy environment. International Journal 
of Production Economics, 207, 163-172.  

Liu, H.-C., You,  .-Y., Tsung, F., & Ji, P. (2018b). An improved approach for failure mode and 
effect analysis involving large group of experts: An application to the healthcare field. 
Quality Engineering, 30(4), 762-775.  

Liu, H., Yu, H., Zhou, H., & Zhang,  . (2023). Research on the Influencing Factors of 
Construction Enterprises’ Digital Transformation Based on DEMATEL-TAISM. 
Sustainability, 15(12), 9251.  

Liu, J., Liu, S., Li, J., & Li, J. (2022). Financial credit risk assessment of online supply chain in 
construction industry with a hybrid model chain. International Journal of Intelligent 
Systems, 37(11), 8790-8813.  

Liu, J., Wang, D., Lin, Q., & Deng, M. (2023). Risk assessment based on FMEA combining 



42 

 

DEA and cloud model: A case application in robot-assisted rehabilitation. Expert 
Systems with Applications, 214, 119119. 
https://doi.org/https://doi.org/10.1016/j.eswa.2022.119119  

Liu, P., Wu, Y., Li, Y., & Wu,  . (2024). An improved FMEA method based on the expert trust 
network for maritime transportation risk management. Expert Systems with Applications, 
238, 121705. https://doi.org/https://doi.org/10.1016/j.eswa.2023.121705  

Liu, S., Lin, Y., Liu, S., & Lin, Y. (2011). Introduction to grey systems theory. Grey systems: 
theory and applications, 1-18.  

Liu, S., Zhao, H., & Kong, G. (2023). Enterprise digital transformation, breadth of ownership 
and stock price volatility. International Review of Financial Analysis, 89, 102713.  

Mahmoudi, A., Sadeghi, M., & Naeni, L. M. (2023). Blockchain and supply chain finance for 
sustainable construction industry: ensemble ranking using Ordinal Priority Approach. 
Operations Management Research. https://doi.org/10.1007/s12063-023-00374-z  

Marinakou, E. (2019). TALENT MANAGEMENT AND RETENTION IN EVENTS 
COMPANIES: EVIDENCE FROM FOUR COUNTRIES. Event Management, 23(4-5), 
511-526. https://doi.org/10.3727/152599519x15506259855760  

Möller, D. P., Vakilzadian, H., & Hou, W. (2021). Intelligent manufacturing with digital twin. 
2021 IEEE International Conference on Electro Information Technology (EIT),  

Musarat, M. A., Sadiq, A., Alaloul, W. S., & Abdul Wahab, M. M. (2022). A systematic review 
on enhancement in quality of life through digitalization in the construction industry. 
Sustainability, 15(1), 202.  

Narbariya, S., Nayeem, M. A., & Gupta, R. (2022). Does HPWS amplify employees' change 
readiness for digital transformation? A study through the “work-from-anywhere” prism. 
Personnel Review, 51(8), 1948-1966.  

Oludapo, S., Carroll, N., & Helfert, M. (2024). Why do so many digital transformations fail? A 
bibliometric analysis and future research agenda. Journal of Business Research, 174, 
114528.  

Paganin, G. (2021). Sustainable finance and the construction industry: new paradigms for 
design development. TECHNE, 22, 79-85.  

Pamučar, D., & Ćirović, G. (2015). The selection of transport and handling resources in logistics 
centers using Multi-Attributive Border Approximation area Comparison (MABAC). 
Expert Systems with Applications, 42(6), 3016-3028.  

Papavasiliou, S., Gorod, A., & Reaiche, C. (2024). System of systems engineering governance 
framework for digital transformation: A case study of an Australian large government 
agency. Systems Engineering, 27(2), 267-283.  

Pfnür, A., & Wagner, B. (2020). Transformation of the real estate and construction industry: 
empirical findings from Germany. Journal of Business Economics, 90(7), 975-1019.  

Qiao, W., Ju, Y., Dong, P., & Tiong, R. L. K. (2024). How to realize value creation of digital 
transformation? A system dynamics model. Expert Systems with Applications, 244, 
122667. https://doi.org/https://doi.org/10.1016/j.eswa.2023.122667  

Rocha, C., Quandt, C., Deschamps, F., Philbin, S., & Cruzara, G. (2023). Collaborations for 
Digital Transformation: Case Studies of Industry 4.0 in Brazil. IEEE Transactions on 
Engineering Management, 70(7), 2404-2418. 
https://doi.org/10.1109/tem.2021.3061396  

https://doi.org/https:/doi.org/10.1016/j.eswa.2022.119119
https://doi.org/https:/doi.org/10.1016/j.eswa.2023.121705
https://doi.org/10.1007/s12063-023-00374-z
https://doi.org/10.3727/152599519x15506259855760
https://doi.org/https:/doi.org/10.1016/j.eswa.2023.122667
https://doi.org/10.1109/tem.2021.3061396


43 

 

Sadiq, S., Orlowska, M., & Sadiq, W. (2007). Induction of data quality protocols into business 
process management. International Conference on Enterprise Information Systems,  

Sagbas, M., Oktaysoy, O., Topcuoglu, E., Kaygin, E., & Erdogan, F. A. (2023). The mediating 
role of innovative behavior on the effect of digital leadership on intrapreneurship 
intention and job performance. Behavioral Sciences, 13(10), 874.  

Saihi, A., Ben-Daya, M., & As' ad, R. (2023). Underpinning success factors of maintenance 
digital transformation: A hybrid reactive Delphi approach. International Journal of 
Production Economics, 255, 108701.  

Samira, A. R., Afshin, J., Daoud, A. K., & Angel, R. (2015). Using fuzzy cost‐based FMEA, 
GRA and profitability theory for minimizing failures at a healthcare diagnosis service. 
Quality and Reliability Engineering International, 31(4), 601-615.  

Samuelson, O., & Stehn, L. (2023). Digital transformation in construction–a review. Journal of 
Information Technology in Construction (ITcon), 28, 385-404.  

Shang, D., Yan, Z., Zhang, L., & Cui, Z. (2023). Digital financial asset price fluctuation 
forecasting in digital economy era using blockchain information: A reconstructed 
dynamic-bound Levenberg–Marquardt neural-network approach. Expert Systems with 
Applications, 228, 120329. https://doi.org/https://doi.org/10.1016/j.eswa.2023.120329  

Shang, M., Jia, C., Zhong, L., & Cao, J. (2024). What determines the performance of digital 
transformation in manufacturing enterprises? A study on the linkage effects based on 
fs/QCA method. Journal of Cleaner Production, 450, 141856.  

Silva, N. F., dos Santos, M., Gomes, C. F. S., & de Andrade, L. P. (2023). An integrated CRITIC 
and Grey Relational Analysis approach for investment portfolio selection. Decision 
Analytics Journal, 8, 100285. 
https://doi.org/https://doi.org/10.1016/j.dajour.2023.100285  

Song, W., Ming,  ., Wu, Z., & Zhu, B. (2014). A rough TOPSIS approach for failure mode and 
effects analysis in uncertain environments. Quality and Reliability Engineering 
International, 30(4), 473-486.  

Sun, J., Gong,  ., Zhang, H., & Su,  . (2021). Strategic path for high-quality development of 
construction industry driven by digitalization. Strategic Study of Chinese Academy of 
Engineering, 23(4), 56-063.  

Syed, R., Bandara, W., & Eden, R. (2023). Public sector digital transformation barriers: A 
developing country experience. Information Polity, 28(1), 5-27.  

Szalavetz, A. (2020). Digital transformation–enabling factory economy actors’ entrepreneurial 
integration in global value chains? Post-Communist Economies, 32(6), 771-792.  

Takva, Ç., Cudzik, J., & İlerisoy, Z. Y. (2023). Digitalization of Building Site Management in 
the Construction Industry [Article]. International Journal of Sustainable Construction 
Engineering and Technology, 14(4), 171-193. 
https://doi.org/10.30880/ijscet.2023.14.04.014  

Tsiavos, V., & Kitsios, F. (2021). Technology as Driver, Enabler and Barrier of Digital 
Transformation: A Review. European, Mediterranean, and Middle Eastern Conference 
on Information Systems,  

Wang, Y., Liu, Y., & Canel, C. (2018). Process coordination, project attributes and project 
performance in offshore-outsourced service projects. International Journal of Project 
Management, 36(7), 980-991.  

https://doi.org/https:/doi.org/10.1016/j.eswa.2023.120329
https://doi.org/https:/doi.org/10.1016/j.dajour.2023.100285
https://doi.org/10.30880/ijscet.2023.14.04.014


44 

 

Wang, Z., Wei, W., Zhu, W., & Liao, J. (2020). Digital Transformation Path from the 
Prospective of Business Model——A Case Study of Tianhong. Chinese Journal of 
Management, 17, 1739-1750.  

 u, R., Li, C., & Joshi, J. (2022). Blockchain-based transparency framework for privacy 
preserving third-party services. IEEE Transactions on Dependable and Secure 
Computing.  

Yee‐Loong Chong, A., & Ooi, K. B. (2008). Adoption of interorganizational system standards 
in supply chains: an empirical analysis of RosettaNet standards. Industrial Management 
& Data Systems, 108(4), 529-547.  

Yue, Z. (2012). Application of the projection method to determine weights of decision makers 
for group decision making. Scientia Iranica, 19(3), 872-878.  

Zar, J. H. (2005). Spearman rank correlation. Encyclopedia of biostatistics, 7.  

Zhang,  ., &  u, Z. (2015). Soft computing based on maximizing consensus and fuzzy TOPSIS 
approach to interval-valued intuitionistic fuzzy group decision making. Applied Soft 
Computing, 26, 42-56.  

Zhang, Y.-z., Ye, C.-m., & Geng,  .-l. (2021). Risk Assessment Approach for Service 
Outsourcing Based on Probabilistic Linguistic Term Set. Operations Research and 
Management Science, 30(9), 203.  

Zhu, F., & Yan,  . (2022). Research on influencing factors of construction enterprise digital 
transformation based on ISM-AHP. Constr. Econ, 43, 66-73.  

 


	1 Introduction
	2 Literature review
	2.1 Risk of digital transformation
	2.2 FMEA model
	2.3 Fundamental definitions

	3 The proposed methodology
	3.1. Research design
	3.2 FMEA application enhanced with MABAC and GRA

	4 An illustrative case
	4.1 Risk assessment process and key results
	4.2 Results and Discussion

	5 Insights
	6 Conclusion and Research Directions
	Code Availability Statement
	Appendix

