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Abstract 
 
The transition from conventional supply chains to digitally enabled supply chains has been sped up by the emergence 
of digital technology, but many businesses still struggle with adoption because of a number of interconnected barriers. 
A thorough literature analysis led to the original identification of 25 barriers, which were then narrowed down to 17 
major barriers in four categories: technological, organizational, operational, and economic. The Fuzzy Best–Worst 
Method (FBWM), which successfully controls uncertainty and lessens inconsistency in expert opinion, is used in this 
study to rank these barriers. According to expert assessments, the biggest challenges are lack of support from top 
management and a lack of digital skills and talent, which are followed by large investment in digital infrastructure. 
The stability of the rankings was validated through comparative analysis with other fuzzy multi-criteria decision-
making techniques. The results highlight that, although important, personnel and budgetary concerns become 
secondary if leadership commitment and technology preparedness are met as requirements for a successful digital 
supply chain implementation. By providing a structured framework that directs managers especially in situations with 
limited resources to prioritize efforts for digital transformation. 
 
Keywords 
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1. Introduction 
Digital technology has expanded very quickly, and this has put an immense impact on how businesses come up with 
new ideas, especially when it comes to managing their supply chains. In this area, digitization is now necessary to 
incorporate more features (Lee et al., 2024). Cloud and edge computing, the Internet of Things (IoT), cyber-physical 
systems, Artificial Intelligence (AI), advanced analytics, and blockchain are all part of the Digital Supply Chain 
(DSC). It connects all components of the supply chain, from planning to sourcing to production to logistics to after-
sales. This facilitates collaborative efforts across organizations through data utilization (Büyüközkan & Göçer, 2018). 
They have also changed the way people communicate with each other and interact with the world around them in a 
big way. The digital transformation is moving forward because of new digital technologies that are useful. These 
technologies including lean tools are meant to ensure and decide flexibility, profitability, productivity and stability  
(Irfan et al., 2025) by using new business models, making and selling competitive products, and having good effects 
on complicated and intelligent digital networks (Minculete et al., 2022).  
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Previously, supply chains used to rely heavily on manual processes and separate company systems, which made it 
hard to respond quickly and see what was going on (Mubarik & Khan, 2024). A well-implemented DSC gives 
managers near-real-time access to all the information they need to keep an eye on resources, capacity, and shipments 
focusing customers satisfaction (Ratul & Hossain, 2024). It does this by combining data from IoT devices, enterprise 
systems, and partner platforms. This level of visibility helps with improved collaboration between different 
departments and helps with reporting on sustainability and compliance (Attaran, 2020; Rahman et al., 2024). DSC 
solutions make workflows easier, automate common decisions, and cut down on waste in procurement, production, 
and logistics. This leads to measurable improvements in quality and efficiency. In small and medium-sized businesses 
(SMEs), evidence demonstrates that when complementary capabilities are in place, adopting digital technology leads 
to increases in flexibility, cost, and competitiveness. These benefits grow as companies get older (Masood & Sonntag, 
2020). 
 
Despite this assurance, implementation remains inequitable due to numerous interdependent impediments. Large 
investment in digital infrastructure, coupled with an ambiguous return on investment (ROI), weaken the business case. 
Lack of support from top management, fragmented decision-making, and Lack of digital skills and talent impede 
progress. Employee resistance and tenuous partner trust complicate data sharing and the collaborative redesign of 
procedures (Kache & Seuring, 2017). Technology-related challenges, including erroneous or inconsistent data, 
underdeveloped analytics, cybersecurity, privacy threats, and unstable connectivity, diminish the likelihood of 
interoperability and value realization (Shupti et al., 2024). The limits are intensified for SMEs and firms in 
underdeveloped countries, where cash, skills, and digital infrastructure are relatively scarce, hence widening the 
adoption gap (Ivanov et al., 2019).    Addressing adoption challenges, including inadequate management support and 
poor data governance, enhances scalability, especially for small and medium-sized enterprises that need targeted 
capabilities development. DSCs provide enduring strategic benefits only when technologies like IoT, analytics, 
blockchain, and cloud computing are integrated with corresponding organizational capabilities. The reduction of 
operational barriers enables efficient data and process transfer between nodes, thereby lessening disruptive ripple 
effects and improving risk analytics. 
 
Even though more and more people are realizing how revolutionary DSCs could be, there isn't enough research that 
looks at all the problems and how important they are.   Most empirical research is either context-specific, e.g., sectoral 
or regional, or descriptive, with few initiatives to emphasize the challenges faced by firms. This dispersion makes it 
harder for managers, policymakers, and practitioners to come up with good plans for putting DSCs into action. 
Because of the information gap described above, this study aims to answer the following questions (RQ). 
 

RQ1: What barriers prevent firms from embracing and employing DSC? 
RQ2: How significant are these barriers to widespread adoption of DSC? 

The present study seeks to respond to research question RQ1 by pinpointing barriers through a detailed literature 
review and RQ2 by prioritizing these barriers using the Fuzzy Best–Worst Method (FBWM), which has not been 
widely applied in this context. FBWM is a well-recognized approach to handle complex system behaviors and make 
decisions under uncertainty. One of the main advantages of FBWM is that it requires fewer pairwise comparisons 
compared to traditional methods, reduces inconsistency in judgments, and can effectively incorporate both qualitative 
and quantitative data (Nasrollahi et al., 2020). This study provides a validated ranking framework by cross-checking 
results with other fuzzy MCDM methods (TOPSIS, VIKOR, WASPAS, COPRAS), strengthening reliability. 
Integrating divergent findings into a unified framework improves theoretical understanding, while the utilization of 
FBWM strengthens scientific rigor by reducing ambiguity in expert assessments.  
 
2. Literature Review 
 

2.1 Initial survey 
Using the keywords ‘Supply Chain Management’, ‘Digital Supply Chain’, ‘Barriers of Digital Supply Chain’, 
‘Industry 4.0’, ‘Adoption of Digitization’, an exploratory survey was performed to identify initial barriers. Google 
Scholar database is preferred in this survey because it is less methodical. Initially, 25 relevant barriers were identified. 
 
2.2 Digitization of SCs 
Businesses are increasingly being forced to digitize in order to improve performance and maintain their existence in 
the competitive market. Supply chain digitization is the process of transforming manual, paper-based, and traditional 
operations into digital representations using cutting-edge technologies like the Internet of Things (IoT), cloud 
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computing, blockchain, big data analytics, and artificial intelligence (Ellis et al., 2019). Industry 4.0, the fourth 
industrial revolution, uses digital platforms to link all corporate verticals and horizontals and make all business 
processes intelligent (Bag et al., 2018). 
 
2.3. Adoption of DSC 
Though the transformation to DSC using technologies like blockchain, IoT, cloud computing, and advanced analytics 
but a number of barriers prevent their widespread adoption. Armengaud et al. (2020) explored the impact of 
organizational barriers in digitization of automotive sector. Buyukozkan & Gocer (2018) emphasized how crucial it 
is for SCs to use digital technology in order to obtain a competitive edge. Although Industry 4.0's information and 
digital technologies are thought to be driving the SC digital transformation, it is still necessary to look into the major 
drivers and hurdles as well as the best practices for SC digitization (Oliveira-Dias et al., 2022). Prior studies have 
identified economic challenges such as high infrastructure investment and uncertain return on investment (Ding, 2018; 
Arunachalam et al., 2018), organizational issues including lack of top management support and political instability 
(Bughin et al., 2015; Ye et al., 2022), operational barriers such as fear of job loss and inefficient information flows 
(Kumar et al., 2021; Khan et al., 2021), and technological constraints like data inaccuracy, cybersecurity risks, and 
shortage of digital skills (Müller et al., 2018; Liboni et al., 2019). However, they identify and rank barriers from Triple 
Bottom Line (TBL) perspective, ignoring either organizational or technological barriers. This study not only focused 
on those barriers but also performed cross-checking results with other fuzzy MCDM methods. 
 
3. Methodology 
To identify and rank the barriers to the adoption of digital supply chains, this study used a 5-step methodological 
approach shown in Figure 1. 
 
3.1 Step 1: Barriers Identification 
To investigate the barriers preventing the implementation of digital supply chains, a thorough literature review was 
carried out. To compile a thorough list of probable barriers, pertinent research, industry publications, and scholarly 
journals were examined. The Google Scholar database was used mainly for barrier identification. Search keywords 
such as ‘Digital Supply Chain’, ‘Digitization’, ‘Supply Chain Barriers’, etc. were used. A total of 25 barriers were 
identified initially. 
 

 

Barriers identification 
Exploring the digital supply chain adoption barriers through the literature review 

 

Analyzing the barriers 
Narrow down and classify them into four main barriers by experts  

 

Data collection 
Develop questionnaire for FBWM to collect response from experts 

 

Application of FBWM 
Solve the FBWM model to find out the weight of each barrier 

 

Results 
Get the final rank of each barriers 

 
Figure 1. Research framework 
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3.2 Step 2: Analyzing the barriers 
With the help of domain experts, the identified 25 barriers were further refined and divided into four primary 
categories: technological, organizational, operational, and economic. The 17 most important barriers, shown in Table 
1, were chosen for further study after being reviewed with five experts active in different supply chain phases. By 
taking this approach, the framework was guaranteed to include both general and detailed viewpoints on adoption 
barriers. 

Table 1. Final selected barriers 
 

Main Barriers Sub-barriers Description References 

Economical 
capabilities 

C1: Large investment in 
digital infrastructure 

Building the necessary digital infrastructure is a capital-intensive 
activity, and the large investment required acts as a significant barrier 
for companies. 

(Ding, 2018) 

C2: Uncertainty about ROI Large sums of money are required for digitization, and since these 
investments are not immediately linked to observable results, their 
returns are unpredictable. 

(Arunachalam 
et al., 2018) 

C3: Inefficient budget 
allocation 

It means that even if a company has the funds, they are not being used 
effectively to support digital transformation projects, often because of 
a lack of a clear strategy or a failure to prioritize necessary 
investments. 

(Deepu & 
Ravi, 2022) 

C4: Lesser investments in R 
& D 

 Businesses that don't spend in research and development (R&D) 
aren't allocating resources to investigate and create novel technologies 
or procedures. 

Dalenogare, 
et al., 2018) 

Organizational 
capabilities 

C5: Lack of support from top 
management 

The adoption of digitization is impacted by a lack of top management 
support and motivation (recognition, reward, and incentive). 

(Bughin, et 
al., 2015) 

C6: Lack of motivation and 
support from the 
government 

Government attention and assistance, such as steps to prevent tax 
evasion, can help companies in their digitization efforts by creating a 
more stable and attractive economic environment for investments in 
digital infrastructure and technology. 

(Ghadimi et 
al., 2022) 

C7: Small companies face 
barriers in digital 
transformation 

Small companies face barriers to digital transformation because of 
financial constraints, a lack of skilled employees, and limited 
resources to invest in new technologies and the necessary strategic 
planning. 

(Arunachalam 
et al., 2018) 

C8: Political 
uncertainty/instability 

Changes in the government have a direct effect on the profitability of 
a business operator or the value that investors place on a certain 
economic move. 

(Ye et al., 
2022) 

Operational 
capabilities 

C9: Fear of losing the job Automation has made individuals fearful of losing their employment. (Kumar, et al., 
2021) 

C10: Ineffective approach 
for identifying and 
managing waste 

It is necessary to improve waste identification and management, 
which can be accomplished by implementing technology. 

(Fatimah et 
al., 2020) 

C11: Insufficient trust 
between partners 

Effective management is required for data and information misuse and 
leakage among partners. 

(Han & Trimi, 
2022) 

C12: Lack of efficient 
information flows and its 
management 

Controlling the information flow and timely updates within 
organization 

(Khan et al., 
2021) 

Technological 
capabilities 

C13: Data accuracy Errors, inconsistencies, or incompleteness in data can seriously impair 
analytics' dependability and make it challenging to obtain a clear view 
of the supply chain and make wise decisions. 

(Müller et al., 
2018) 

C14: Lack of digital skills 
and talent 

Companies lack employees with the necessary expertise to manage 
new digital systems, and they have difficulty finding or training new 
talent to fill this gap 

(Liboni et al., 
2019) 

C15: Cyber security & 
privacy issues 

Technologies that offer intelligence and connectivity are necessary for 
SCs to embrace digitization, which leads to a massive data flow with 
multiple layers of protection. 

(Balaji et al., 
2019) 

C16: Unstable internet 
connectivity 

Internet access has emerged as one of the primary obstacles to 
digitization as a result of climate change, natural disasters, and 
political unrest. 

(Ganesh & 
Kalpana, 
2022) 

C17: Data analysis issues  Because it is challenging to ensure data quality, integrate information 
from various sources, and possess the requisite skills to evaluate it for 
valuable insights, data analysis problems pose a serious obstacle in 
digital supply chains. 

(Oesterreich 
& Teuteberg, 
2016) 
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3.3 Step 3: Data Collection 
A structured questionnaire was designed following the Fuzzy Best–Worst Method (FBWM). Questionnaires were 
sent through email to 10 experts, out of which 4 responded. Cronbach's alpha value is 0.7, which is a measure of 
internal consistency of the data collected.  
 
3.4 Step 4: Application of FBWM 
The detailed procedure of FBWM is available in (Afrasiabi et al., 2022). A brief overview of the key steps is presented 
below. 
 
3.4.1 Determine the Best and Worst Barriers 
Following the identification of pertinent barriers of digital supply chains, the participating experts were asked to rank 
main barriers as Best and Worst. The barrier that is thought to be most significant or crucial in influencing the adoption 
of digital supply chains is known as the Best (CB) barrier. On the other hand, the barrier with the least relative 
importance among the others is represented by the Worst (CW) barrier. Experts were asked to follow a similar 
procedure for sub-barriers under the main barriers. 
 
3.4.2 Fuzzy Best-To-Others and Others-To-Worst Comparisons 
After identifying the best and worst barrier, Experts were required to use two sets of comparisons to explain their 
preferences. The chosen best barrier was first compared with each of the other barriers in the Best-to-Others (BO) 
comparisons to ascertain its relative relevance. Second, in the Others-to-Worst (OW) comparisons, all barriers were 
compared against the selected Worst barrier. Linguistic preference scales shown in Table 2 were used for the 
comparisons in order to account for the ambiguity and uncertainty that are inherent in human judgment. Experts were 
asked to follow a similar procedure for sub-barriers under the main barriers. This step produced a BO and OW vector 
as follows: 
 
AB = (aB1, aB2, … , aBn)  
AW = (aW1, aW1, ...,  aWn) 
 

Table 2. Triangular Fuzzy Number (TFN) and Consistency Index (CI) 
 

 
3.4.3 Solve the FBWM Optimization Model 
Linguistic terms are transformed into triangular fuzzy numbers (TFNs) to solve FBWM model. The model minimizes 
the maximum deviation to obtain fuzzy weights for each barrier, while checking the consistency ratio (CR). A 
nonlinear programming model, is derived from the elements of the BO and OW vectors.  
 
Min ξ* 

Subject to,  
 
�(𝑙𝑙𝐵𝐵

𝑤𝑤, 𝑚𝑚𝐵𝐵 
𝑤𝑤, 𝑢𝑢𝐵𝐵  

𝑤𝑤 )
(𝑙𝑙𝑗𝑗  
𝑤𝑤, 𝑚𝑚𝑗𝑗  

𝑤𝑤, 𝑢𝑢𝑗𝑗  
𝑤𝑤)

 − 𝑙𝑙𝐵𝐵𝐵𝐵,𝑚𝑚𝐵𝐵𝐵𝐵, 𝑢𝑢𝐵𝐵𝐵𝐵 � ≤ (k*, k*, k*)  

 

�
(𝑙𝑙𝑗𝑗  
𝑤𝑤, 𝑚𝑚𝑗𝑗  

𝑤𝑤, 𝑢𝑢𝑗𝑗  
𝑤𝑤)

(𝑙𝑙𝑊𝑊  
𝑤𝑤 , 𝑚𝑚𝑊𝑊  

𝑤𝑤 , 𝑢𝑢𝑊𝑊  
𝑤𝑤 )

 − 𝑙𝑙𝑗𝑗𝑗𝑗,𝑚𝑚𝑗𝑗𝑗𝑗, 𝑢𝑢𝑗𝑗𝑗𝑗 � ≤ (k*, k*, k*) 

 
∑ 𝑅𝑅(𝑊𝑊𝐽𝐽)𝑁𝑁
𝐽𝐽=1  = 1  

𝑙𝑙𝑗𝑗  
𝑤𝑤 ≤  𝑚𝑚𝑗𝑗  

𝑤𝑤 ≤  𝑢𝑢𝑗𝑗  
𝑤𝑤  

𝑙𝑙𝑗𝑗  
𝑤𝑤 ≥  0 

j = 1, 2, …, n 
 

Linguistic 
terms 

Equally important 
(EI) 

Weakly important 
(WI) 

Fairly important 
(FI) 

Very important 
(VI) 

Absolutely important 
(AI) 

TFNs (1,1,1) (2/3,1,3/2) (3/2,2,5/2) (5/2,3,7/2) (7/2,4,9/2) 

CI 3.00 3.80 5.29 6.69 8.04 
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where 𝑎𝑎𝐵𝐵𝐵𝐵 =  (𝑙𝑙𝐵𝐵𝐵𝐵,𝑚𝑚𝐵𝐵𝐵𝐵, 𝑢𝑢𝐵𝐵𝐵𝐵) and 𝑎𝑎𝑗𝑗𝑗𝑗 = (𝑙𝑙𝑗𝑗𝑗𝑗,𝑚𝑚𝑗𝑗𝑗𝑗, 𝑢𝑢𝑗𝑗𝑗𝑗) symbolize, respectively, the j-th component of the BO and 
OW vectors. 𝑊𝑊𝐽𝐽 = (𝑙𝑙𝑗𝑗  

𝑤𝑤 ,  𝑚𝑚𝑗𝑗  
𝑤𝑤,  𝑢𝑢𝑗𝑗  

𝑤𝑤) , 𝑊𝑊𝐵𝐵 =  (𝑙𝑙𝐵𝐵𝑤𝑤,  𝑚𝑚𝐵𝐵 
𝑤𝑤,  𝑢𝑢𝐵𝐵  

𝑤𝑤 ) , 𝑊𝑊𝑊𝑊 = (𝑙𝑙𝑊𝑊𝑤𝑤 , 𝑙𝑙𝑊𝑊𝑤𝑤 , 𝑙𝑙𝑊𝑊𝑤𝑤)  are the fuzzy weights of the j-th 
criterion 𝑐𝑐𝐽𝐽, best criterion 𝑐𝑐𝐵𝐵, and worst criterion 𝑐𝑐𝑊𝑊, respectively. ξ = (𝑙𝑙ξ, 𝑚𝑚ξ, 𝑢𝑢ξ), with 𝑙𝑙ξ ≤ 𝑚𝑚ξ ≤ 𝑢𝑢ξ, and ξ* = (k*, 
k*, k*), with k* ≤ 𝑙𝑙ξ. To make the sum of weight 1 the fuzzy weights should be defuzzified using following equation 

R(A) = 1/6*(a1 + 4a2 + a3) where (a1, a2, a3) be a TNF. The formula CR=ξ*/CI is used to calculate the consistency ratio 
(CR) values. LINGO 15.0 was used to solve this optimization model. 
 
3.4.4 Aggregate the Results 
The results must be combined into a single representative set of weights because expert opinions can differ. To 
guarantee a collective evaluation, the fuzzy weights obtained from each decision maker (DM) in this investigation 
were first combined. The geometric mean strategy, which is frequently used in multi-criteria decision-making 
techniques incorporating fuzzy data, was used to complete the aggregation. 
 
4. Results 
The fuzzy Best-Worst Method (FBWM) analysis resulted in the stable hierarchy of obstacles to implementation of 
digital supply chains, which was confirmed by using several comparison techniques. It was examined by four 
professionals (DM1-DM4) on the basis of 17 refined barriers which were judged on the four broad categories of 
Economical, Organizational, Operational, and Technological using linguistic judging number which were transformed 
into triangular fuzzy numbers (TFNs). Table 6 all consistency ratios (CR) were under 0.1, which proved the 
trustworthy input of experts. 
 
Tables 3 and 4 show the expert preference pattern in best to others (BtO) and others to worst barriers (OtW). Three of 
the four decision-makers (DM1, DM2, and DM4) categorized Technological barriers as the most serious category 
whereas the most significant among the four is DM3 which classifies as Organizational barriers. The linguistic 
assessments in these tables were successfully transformed to triangular fuzzy numbers demonstrated in Table 5 which 
effectively represented uncertainty and subjectivity of the expert judging. Fuzzy local weights of main barriers and 
sub-barriers in Tables 6 and 7 were determined by averaging optimal fuzzy weights from all DMs. To calculate global 
optimal fuzzy weights for sub-barriers, the components of fuzzy local weights were weighted by the main barriers. 

 
Table 3. Best to other barriers comparison 

 

 
Table 4. Others to worst barriers comparison 

 

 
 

DM BtO of main barriers 

 Best Economical Organizational Operational Technological 

DM1 Technological VI WI AI EI 

DM2 Technological AI FI WI EI 

DM3 Organizational FI EI AI WI 

DM4 Technological AI FI WI EI 

DM OtW of main barriers 

 Worst Economical Organizational Operational Technological 

DM1 Operational FI WI EI AI 

DM2 Economical EI VI FI AI 

DM3 Operational WI AI EI FI 

DM4 Economical EI WI FI AI 
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Table 5. TFN of Fuzzy Linguistic value 
 

 
As seen in Table 6, the Technological barriers had the highest fuzzy weight (0.325, 0.390, 0.405), in that order, 
followed by the Organizational (0.231, 0.274, 0.294), Operational (0.172, 0.201, 0.223), and Economical barriers 
(0.130, 0.152, 0.162). Under these, the C5: Lack of support from top management had the highest weight (global 
0.111) with the C14: Lack of digital skills and talent in Table 8 having the second highest weight (0.108). This 
prioritization highlights that leadership determination and technological preparedness is the main key to effective 
execution of digital supply chain adoption. The global crisp weights presented in Table 8 sheds further light on the 
fact that, economical sub-barrier C1: Large investment in digital infrastructure (0.082) and operational sub-barrier C9: 
Fear of losing the job (0.073) placed same in the third and the fourth place respectively. The rest of the barriers - 
between 0.071 and 0.023 - had a lower priority in turn meaning that when the top-management support and digital 
skills are resolved, the winning will be the financial and operational issues, although they also exist and will be the 
next problem. 
 

Table 6. Relative and local fuzzy weights of the main barriers 
 

 
Table 7. Relative and local fuzzy weights of the sub-barriers 

 

DM BtO of main barriers 

 Best Economical Organizational Operational Technological 

DM1 Technological 5/2,3,7/2 2/3,1,3/2 7/2,4,9/2 1,1,1 

DM2 Technological 7/2,4,9/2 3/2,2,5/2 2/3,1,3/2 1,1,1 

DM3 Organizational 3/2,2,5/2 1,1,1 7/2,4,9/2 2/3,1,3/2 

DM4 Technological 7/2,4,9/2 3/2,2,5/2 2/3,1,3/2 1,1,1 

DM WtO of main barriers 

 Worst Economical Organizational Operational Technological 

DM1 Operational 3/2,2,5/2 2/3,1,3/2 1,1,1 7/2,4,9/2 

DM2 Economical 1,1,1 5/2,3,7/2 3/2,2,5/2 7/2,4,9/2 

DM3 Operational 2/3,1,3/2 7/2,4,9/2 1,1,1 3/2,2,5/2 

DM4 Economical 1,1,1 2/3,1,3/2 3/2,2,5/2 7/2,4,9/2 

Main Barriers DM1 DM2 DM3 DM4 Fuzzy local weights 

Economical (0.167, 0.198, 0.208) (0.104, 0.103, 0.105) (0.141, 0.180, 0.210) (0.108, 0.125, 0.124) (0.130, 0.152, 0.162) 

Organizational (0.199, 0.245, 0.254) (0.211, 0.259, 0.311) (0.367, 0.422, 0.422) (0.145, 0.172, 0.187) (0.231, 0.274, 0.294) 

Operational (0.122, 0.137, 0.137) (0.211, 0.259, 0.311) (0.106, 0.121, 0.122) (0.247, 0.288, 0.323) (0.172, 0.201, 0.223) 

Technological (0.371, 0.441, 0.452) (0.316, 0.389, 0.422) (0.241, 0.300, 0.315) (0.373, 0.431, 0.432) (0.325, 0.390, 0.405) 

CR 0.098 0.062 0.061 0.061  

Sub-barriers DM1 DM2 DM3 DM4 Fuzzy local weights 

C1 (0.512, 0.628, 0.745) (0.387, 0.475, 0.563) (0.378, 0.464, 0.551) (0.524, 0.642, 0.762) (0.445, 0.546, 0.648) 

C2 (0.166, 0.187, 0.202) (0.125, 0.142, 0.153) (0.122, 0.139, 0.15) (0.169, 0.192, 0.207) (0.144, 0.163, 0.176) 

C3 (0.174, 0.199, 0.229) (0.131, 0.15, 0.173) (0.128, 0.147, 0.169) (0.178, 0.204, 0.234) (0.151, 0.173, 0.199) 

C4 (0.329, 0.375, 0.401) (0.249, 0.283, 0.303) (0.243, 0.277, 0.297) (0.336, 0.384, 0.411) (0.286, 0.326, 0.349) 

CR 0.061 0.052 0.083 0.06  
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Table 8. Global weights and rank of digital supply chain adoption barriers 

 

 
4.1 Comparative Validation via Other Fuzzy MCDM Methods 
Table 9 presents the rankings compared with FBWM results concerning stability to test the fuzzy TOPSIS, VIKOR, 
WASPAS, and COPRAS. C5 and C14 were the two dominant barriers that consistently appeared in the first and 
second ranks, although their positions were switched in COPRAS. Table 10 shows that the rank correlations of FBWM 
with each of the methods were greater than 0.85, indicating a very strong agreement. Figure 2 further corroborates 

C5 (0.42, 0.481, 0.521) (0.317, 0.363, 0.394) (0.31, 0.355, 0.385) (0.429, 0.492, 0.533) (0.365, 0.418, 0.453) 

C6 (0.144, 0.162, 0.185) (0.109, 0.123, 0.14) (0.106, 0.12, 0.137) (0.147, 0.166, 0.189) (0.125, 0.141, 0.161) 

C7 (0.25, 0.304, 0.354) (0.189, 0.23, 0.268) (0.184, 0.224, 0.262) (0.255, 0.311, 0.362) (0.217, 0.264, 0.308) 

C8 (0.235, 0.26, 0.291) (0.177, 0.197, 0.22) (0.173, 0.192, 0.215) (0.24, 0.266, 0.298) (0.204, 0.226, 0.253) 

CR 0.028 0.081 0.057 0.07  

C9 (0.369, 0.42, 0.474) (0.279, 0.317, 0.358) (0.273, 0.31, 0.35) (0.378, 0.429, 0.485) (0.321, 0.365, 0.412) 

C10 (0.263, 0.308, 0.345) (0.199, 0.233, 0.261) (0.195, 0.228, 0.255) (0.269, 0.315, 0.353) (0.229, 0.268, 0.300) 

C11 (0.291, 0.342, 0.374) (0.22, 0.258, 0.283) (0.215, 0.252, 0.276) (0.298, 0.349, 0.382) (0.253, 0.297, 0.325) 

C12 (0.12, 0.131, 0.138) (0.09, 0.099, 0.104) (0.088, 0.097, 0.102) (0.122, 0.134, 0.141) (0.104, 0.114, 0.120) 

CR 0.054 0.069 0.056 0.065  

C13 (0.171, 0.215, 0.255) (0.13, 0.163, 0.193) (0.127, 0.159, 0.189) (0.175, 0.22, 0.261) (0.149, 0.187, 0.222) 

C14 (0.307, 0.315, 0.37) (0.232, 0.238, 0.28) (0.227, 0.233, 0.274) (0.314, 0.322, 0.379) (0.267, 0.274, 0.322) 

C15 (0.176, 0.205, 0.237) (0.133, 0.155, 0.179) (0.13, 0.151, 0.175) (0.18, 0.209, 0.242) (0.153, 0.178, 0.206) 

C16 (0.162, 0.213, 0.254) (0.123, 0.161, 0.192) (0.12, 0.157, 0.188) (0.166, 0.218, 0.26) (0.141, 0.185, 0.221) 

C17 (0.132, 0.177, 0.256) (0.1, 0.134, 0.194) (0.098, 0.131, 0.19) (0.135, 0.181, 0.262) (0.115, 0.154, 0.223) 

CR 0.082 0.056 0.057 0.058  

Main barriers Weights Sub-barriers Weights Global weight Crisp value Rank 

Economical (0.130, 0.152, 0.162) 

C1 (0.445, 0.546, 0.648) (0.058, 0.083, 0.105) 0.082 3 

C2 (0.144, 0.163, 0.176) (0.019, 0.025, 0.028) 0.024 16 

C3 (0.151, 0.173, 0.199) (0.020, 0.026, 0.032) 0.026 15 

C4 (0.286, 0.326, 0.349) (0.037, 0.049, 0.056) 0.048 13 

Organizational (0.231, 0.274, 0.294) 

C5 (0.365, 0.418, 0.453) (0.084, 0.115, 0.133) 0.111 1 

C6 (0.125, 0.141, 0.161) (0.029, 0.039, 0.047) 0.038 14 

C7 (0.217, 0.264, 0.308) (0.050, 0.072, 0.090) 0.071 5 

C8 (0.204, 0.226, 0.253) (0.047, 0.062, 0.074) 0.061 10 

Operational (0.172, 0.201, 0.223) 

C9 (0.321, 0.365, 0.412) (0.055, 0.073, 0.092) 0.073 4 

C10 (0.229, 0.268, 0.300) (0.039, 0.054, 0.067) 0.053 12 

C11 (0.253, 0.297, 0.325) (0.043, 0.060, 0.073) 0.059 11 

C12 (0.104, 0.114, 0.120) (0.018, 0.023, 0.027) 0.023 17 

Technological (0.325, 0.390, 0.405) 

C13 (0.149, 0.187, 0.222) (0.048, 0.073, 0.090) 0.070 6 

C14 (0.267, 0.274, 0.322) (0.087, 0.107, 0.130) 0.108 2 

C15 (0.153, 0.178, 0.206) (0.050, 0.069, 0.083) 0.068 8 

C16 (0.141, 0.185, 0.221) (0.046, 0.072, 0.090) 0.069 7 

C17 (0.115, 0.154, 0.223) (0.037, 0.060, 0.090) 0.063 9 
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these findings through a heatmap comparison, where the brightest cells at C5 and C14 across all five methods highlight 
their unanimous significance. 

 
Table 9. Comparative analysis showed the top 10 barrier rankings across different MCDM methods 

 

 
Table 10. Degree of agreement between the methods, (Spearman's rank correlation coefficients) 

 

 

 
Figure 2. Comparison of the ranking results with those of other fuzzy MCDM methods 

 
5. Discussion and Implications  
The FBWM analysis clearly shows that the lack of support from top management (C5) and lack of digital skills and 
talent (C14) are the most important barriers to digital supply chain transformation. These two factors were consistently 
among the top in prioritization and prove the significance of strong leadership commitment and a skilled workforce 

Rank Fuzzy BWM Fuzzy TOPSIS Fuzzy VIKOR Fuzzy WASPAS Fuzzy COPRAS 

1 C5 C5 C5 C5 C14 

2 C14 C14 C14 C14 C5 

3 C1 C1 C1 C9 C1 

4 C9 C9 C9 C1 C9 

5 C7 C7 C7 C7 C7 

6 C13 C13 C16 C13 C13 

7 C16 C16 C13 C16 C16 

8 C15 C15 C15 C15 C15 

9 C17 C8 C8 C17 C17 

10 C8 C17 C17 C8 C8 

Method Comparison Spearman's ρ Significance 

Fuzzy BWM vs Fuzzy TOPSIS 0.916 p < 0.01 

Fuzzy BWM vs Fuzzy VIKOR 0.883 p < 0.01 

Fuzzy BWM vs Fuzzy WASPAS 0.897 p < 0.01 

Fuzzy BWM vs Fuzzy COPRAS 0.851 p < 0.01 
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as fundamental prerequisites for successful digitization. Of particular relevance, both C5 and C14 emerged across all 
the comparative analyses based on different fuzzy MCDM methods as potential top barriers, which highlights a broad 
consensus on primacy. This finding is consistent with the larger body of literature that points to leadership involvement 
and technological capability as important prerequisites for successful digital transformation. Organizations must 
therefore pro-actively secure executive sponsorship and nurture digital competencies before they embark on extensive 
digital investment programs. 
 
While economic and operational barriers such as the need for relatively high infrastructure investment (C1), and the 
fear of job loss among the employees (C9), also emerged from the analysis, the moderate rankings imply that these 
challenges are comparatively secondary ones. C1: Large investment in digital infrastructure was found to be the third 
ranked barrier. However, its position after leadership and talent problems suggests financial barriers are considered 
overcomeable once top management buy-in and a digitally adept workforce are in position. In actuality, experts view 
that budgetary problems can be checked by cautious planning and budgeting plan of action when strong administration 
drives the activity. Similarly, C9: Fear of job loss (staff resistance) was ranked lower suggesting the workforce fears, 
while important, can be overcome with open communication and systematic reskilling efforts. In essence, the analysis 
underlines an important interdependency: while investment and employee concerns raise very real barriers, they 
become much easier to manage once the commitment and technological readiness of leadership is established. This 
strengthens the argument that strengthening organizational leadership and digital capacity first will create conditions 
under which economic and operational issues can be addressed better. Furthermore, the robustness of the FBWM 
results was verified by comparing the results to other fuzzy MCDM techniques (including Fuzzy TOPSIS, VIKOR, 
WASPAS, and COPRAS). Very similar rankings of the barriers were generated by all methods (Spearman's rank 
correlation coefficients between the FBWM-derived ranking and each of the alternative techniques all greater than 
0.85 (and statistically significant at p less than 0.01)). This high level of agreement in ranking results across multiple 
methods does give more confidence in the priority order revealed by FBWM. The heatmap in Figure 2 provides a 
visual verification of this alignment, as the highest priority barriers are consistent regardless of the analytical method 
used. Such cross-method convergence seems to indicate that the prioritization obtained is not an artifact of a single 
approach, but rather is a reliable reflection of the underlying expert judgements. For decision-makers, this consistency 
between different evaluation techniques enhances the credibility of findings and the focus on the top-ranking issues 
recommended. 
 
From a practical standpoint, these findings deliver a clear roadmap for managers planning digital supply chain 
transformation initiatives. The prioritized list of barriers can be translated into a phased implementation strategy. In 
the first phase, managers should concentrate on securing executive support and involvement (addressing C5) and on 
developing the necessary digital skills and talent within the organization (addressing C14). By tackling these highest-
priority issues up front, firms build a strong foundation for change. In the second phase, with leadership and skills in 
place, managers can focus on mobilizing and allocating financial resources for digital infrastructure (addressing C1). 
At this stage, ensuring a reasonable budget and incorporating cost-contingency plans will help overcome the economic 
constraints identified. Finally, the third phase can address operational and workforce-related concerns, such as 
employee resistance and retraining needs (mitigating C9). Clear communication about the transformation’s benefits, 
along with training and reskilling programs, will alleviate fear of job loss and foster employee buy-in. Especially in 
resource-constrained environments like small and medium-sized enterprises (SMEs), this stepwise approach allows 
managers to prioritize limited resources on the most impactful areas first. By following the priority order – leadership 
commitment and digital talent first, then infrastructure investment, then change management for staff – managers can 
systematically dismantle the key barriers and improve the chances of a successful digital supply chain implementation. 
In summary, the study’s results act as a practical guide, helping practitioners direct attention and resources to where 
they will make the greatest difference in the transformation process. Beyond the firm level, the findings carry 
important implications for policymakers and authorities aiming to foster digital transformation across industries. The 
dominance of leadership and skill-related barriers suggests that public policy and support programs should first and 
foremost enhance the digital readiness of organizations and their workforce. Policymakers can play a facilitative role 
by promoting education and training initiatives that build digital skills and talent (addressing C14) on a broad scale. 
For example, government-funded training programs, partnerships with educational institutions for upskilling, and 
certification courses in digital supply chain management can help create a talent pool capable of driving and sustaining 
digital initiatives. Likewise, given the pivotal role of executive support, industry forums and government agencies 
might develop awareness campaigns or leadership development programs to encourage top management engagement 
in digital transformation efforts. 
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In addition, to reduce economic barriers such as high costs of infrastructure investments (C1), financial incentives and 
infrastructure support for digital adoption by policymakers should be considered. This may involve subsidies or tax 
breaks to companies (in particular SMEs) investing in approved digital technologies, grants or loans with low interest 
rates to digital infrastructure projects and the development of shared digital infrastructure or platforms to reduce the 
burden on individual companies. Such measures would reduce the cost of entry for firms suffering from tight access 
to capital, which is a direct address of one of the main economic factors noted by the experts. Policymakers are also 
encouraged to develop facilitating legislations and develop collaborative eco-systems that support digital innovation. 
This may involve making some changes to regulations to adapt to the new digital processes, data security and privacy 
laws that provide trust in digital systems, and encouraging collaboration among large enterprises, SMEs, and 
technology providers. By concentrating on workforce development and offering targeted economic support, 
government and industry bodies can go a long way to making businesses more digitally prepared, especially smaller 
businesses that operate in resource-constrained settings. In turn this supportive environment will complement the 
internal managerial efforts to accelerate the overall transition to digitally enabled supply chains at a regional and 
national level. 
 
6. Research Directions, and Limitations 
This study's primary drawback is its dependence on a small group of four experts, which may not adequately represent 
the range of viewpoints from various sectors and geographical areas even though it guarantees in-depth understanding. 
Furthermore, the investigation was limited to a specific industrial sector, which limits how broadly the results may be 
applied. To improve robustness, future studies should broaden the professional and demographic backgrounds of the 
experts who participate, bringing in perspectives from other sectors, regions, and organizational sizes. It is also advised 
to do longitudinal research to monitor the changes in the relative significance of barriers over time, especially as 
market dynamics and digital technologies develop. Furthermore, the reliability of prioritization results may be 
increased by implementing more complex fuzzy generalization techniques, such as interval type-2 fuzzy sets, which 
may provide a deeper representation of subjectivity and uncertainty in expert assessment. 
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