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A B S T R A C T   

The maritime industry is facing increasing challenges due to decarbonization requirements, trade disruptions, 
and geoeconomic fragmentation, such as International Maritime Organization (IMO) sets out clear framework to 
reach net zero emissions by 2050, Russia-Ukraine war disrupted maritime activities in the Black and Azov seas, 
and increased trade tensions between the United States and China. To enhance their sustainability, operational 
efficiency, and competitiveness, maritime organizations are therefore very keen to build big data analytics 
capability (BDAC). However, various barriers, mean that only a handful are able to do so. We adopt a mixed- 
method approach to analyze these barriers. Thematic analysis is used to identify five categories of barriers 
and 16 individual barriers based on empirical data collected from 26 maritime organizations. These are then 
prioritized using the analytic hierarchy process (AHP), followed by total interpretive structural modelling (TISM) 
to understand their interrelationships. Finally, cross-impact matrix multiplications applied to classification 
(MICMAC) is employed to differentiate the role of each barrier based on its driving and dependence power. This 
paper makes several theoretical contributions. First, China's hierarchical cultural value orientation encourages 
competition and obedience to rules, resulting in unwillingness to share knowledge, lack of coordination, and lack 
of error correction mechanisms. These cultural barriers hinder BDAC development. Second, organizational 
learning category barriers are found to be the most important in impeding BDAC development. This study also 
raises practitioners' awareness of the need to tackle cultural and organizational learning barriers.   

1. Introduction 

Big data analytics capability (BDAC) is an organization's capacity to 
process, visualize, and analyze data, thereby generating insights that 
support data-driven decision-making, planning, and execution (Dubey 
et al., 2019a). Successfully establishing and implementing BDAC enables 
businesses to identify useful information, uncover hidden patterns, 
discover market trends, and gain insights into unknown correlations 
(Mikalef et al., 2020). In recent years, businesses have accelerated ap-
plications of big data and associated technologies, with the aim of 
increasing profitability, smoothing operations, and enhancing market- 
based production, and ultimately achieving sustainable competitive 
advantage (Raguseo, 2018; Rialti et al., 2019). However, although 97.2 
% of companies have invested in big data-related projects, only 24 % of 

these have transformed their organizations to become data-driven and 
thereby successfully achieve BDAC (Li et al., 2022; Brewis et al., 2023). 
One reason for this failure is that many firms have a shallow under-
standing of barriers to achieving BDAC, and therefore have difficulty 
allocating resources to tackle them effectively (Kumar et al., 2022a). For 
example, the percentage of firms identifying themselves as having suc-
cessfully built BDAC declined from 37.1 % in 2017 to 31 % in 2019 
(Bean and Davenport, 2019). We presume that this decline will have 
continued since 2019, given the effects of COVID-19. 

China's maritime industry is playing an increasingly important role 
in global trading, employment creation, and environmental protection. 
For example, in 2021, it imported 11.9 % and exported 15.07 % of global 
merchandise, and its transportation services generated $833,510 million 
in value (UNCTAD, 2021). The industry's strong performance in 
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handling merchandise relies heavily on maritime connectivity, a com-
plex ecosystem comprising a range of service providers, satellite oper-
ators, hardware vendors, and integrators. In 2021, China's maritime 
connectivity achieved a score of 164 (ChinaPower., 2021), significantly 
higher than most other top countries, including Singapore (113), South 
Korea (108), the United States (106), and Malaysia (100). We believe 
that wide deployment of big data analytics (BDA) distinguishes China's 
maritime industry from those of other leading countries, since China 
initiated big data technologies for international shipping in 2015 (Port 
Technology, 2015). In other countries, only a handful of maritime 
companies currently have the capability to leverage big data (Trelle-
borg, 2022). For example, Maersk has tried to reduce its bunker costs by 
improving its BDAC, and Hyundai Heavy Industries has initiated BDAC 
development by extending its partnerships with world‑leading tech-
nology suppliers such as Intel and Microsoft. Although BDAC promises a 
range of benefits for China's maritime industry, BDA is currently applied 
in only limited areas, including chartering and operations. It is seldom 
applied in areas such as technical management, fleet planning, voyage 
operations, and vetting, owing to various barriers (Zaman et al., 2017; 
Munim et al., 2020). For example, Jia and Cui (2021)'s analysis of bar-
riers impeding the evolution of maritime port smartification indicates 
that insufficient government support for research and development is 
the most influential barrier. Chen et al. (2022) find that lack of a legal 
framework, cybersecurity, technical challenges, and small-scale big data 
applications are the main obstacles. These barriers impede China's 
maritime industry from improving its operational efficiency, environ-
mental sustainability, productivity, and visibility. In particular, China 
has the world's largest shipping fleet, largest shipbuilding sector, is 
home to the biggest and most numerous ports, and its maritime industry 
is responsible for approximately 3 % of global greenhouse gas emissions 
(IMO, 2020; World Shipping Council, 2022). Analysis of millions of 
pieces of data-generated by vessel movements, ship construction, and 
port operations promises quicker routes and lower energy consumption 
for ships, greener ports, and more efficient shipbuilding (Senyo et al., 
2021; Tijan et al., 2021). Thus, maritime businesses need a compre-
hensive understanding of barriers to BDAC development, in order to 
prioritize them to enable effective resource allocation, and gain insights 
into interrelationships between them, as tackling one barrier may 
introduce other barriers into the system. The barriers must also be 
accurately characterized before making major efforts to reduce their 
effects during the decision-making and implementation stages of BDA 
adoption (Senna et al., 2023). A proper investigation of barriers to 
achieving BDAC will help organizations to develop more effective stra-
tegies for development (Moktadir et al., 2019). 

Several knowledge gaps are identified in existing research. First, 
previous analyzes of barriers, challenges, issues, problems, and hurdles 
to achieving BDAC and big data adoption focus mainly on 
manufacturing, healthcare, agri-food, and humanitarian industries (Bag 
et al., 2020; Chen et al., 2020; Gupta and Goyal, 2021; Kazancoglu et al., 
2021; Raut et al., 2021a, 2021b). Few studies have examined the 
maritime industry (Zhang and Lam, 2019). Second, existing literature 
analyzing barrier to achieving BDAC uses various research methodolo-
gies, including theoretical and conceptual papers, literature reviews, 
case study and interviews, and surveys. For example, Sivarajah et al. 
(2017)'s review of literature on big data challenges and analytical 
methods confirms that case study and interviews, design research, and 
analytical, theoretical, and conceptual papers are frequently used 
research methodologies, whereas mixed methods are seldom used. Of 
the 243 studies they identify, only one uses a mixed-method approach, a 
clear research gap that needs to be filled. Further quantitative and 
qualitative research is required on this topic (Willetts et al., 2020). A 
multi-method approach involves of multiple forms of qualitative data or 
multiple forms of quantitative data in one study, whereas a mixed- 
method approach combines qualitative and quantitative data collec-
tion and analysis in one study (Creswell, 2015). A mixed-method 
approach has several unique advantages over a qualitative, 

quantitative, or multi-methods approach. First, it enables comprehen-
sive assessment of a problem from different perspectives. For example, 
the results from qualitative interviews can be used to identify previously 
unknown explanatory variables, resolve mis-specified models, and un-
derstand incomprehensible statistical findings. Second, a mixed-method 
approach enriches the evidence and enables deeper questions to be 
asked. Third, combining qualitative and quantitative approaches helps 
to compensate for the limitations of each method (Kelle, 2006; Malina 
et al., 2011). Finally, few studies of the topic focus on China. Existing 
studies are based on data collected from either multiple industries or 
multiple countries, rather than being country- or industry-specific, 
thereby hindering practitioners' understanding. 

To address the above-mentioned research gaps, this study draws on 
the resource-based view (RBV) to analyze barriers to achieving BDAC in 
China's maritime industry using a mixed-method approach. Three 
research questions are addressed: (1) what barriers impede China's 
maritime organizations from developing BDAC; (2) how can these bar-
riers be prioritized and their interrelationships identified to develop 
BDAC efficiently; (3) what role does each barrier play in the system? To 
answer the first research question, we examined 26 maritime organi-
zations that have applied BDA across China. The second question re-
quires the recognized barriers to be prioritized and interrelated by 
applying analytic procedures and modelling techniques. For this pur-
pose, we began by employing the analytic hierarchy process (AHP), a 
technique widely used to prioritize multi-criteria decision making 
(MCDM) problems (Emrouznejad and Marra, 2017). We then applied 
total interpretive structural modelling (TISM) to gain an understanding 
of interrelationships between the identified barriers. TISM enabled us to 
build interactions by allocating the barriers to various layers of a 
framework (Zhao et al., 2018). The final question aims to distinguish 
each barrier's role in the system, whether driving other barriers or 
depending on other barriers for its resolution. Thus, MICMAC analysis 
was selected to evaluate the TISM model and differentiate the barriers' 
roles. 

This study makes several theoretical contributions to the RBV and 
organizational learning theory. First, it identifies 16 barriers to 
improving BDAC in China's maritime industry, including some scarcely 
mentioned by other scholars, such as lack of error correction mecha-
nisms, lack of continuous assessment and improvement, lack of in-
centives for employees to test new knowledge, and lack of 
organizational memory. Second, it shows that organizational learning 
barriers are the most critical impediment to the development of BDAC. 
Unwillingness to share knowledge and lack of coordination are also 
identified as key barriers to BDAC improvement. Most existing work 
considers the key barriers to be lack of top management support, and 
technical, data, and financial barriers (Gupta and Goyal, 2021; Raut 
et al., 2021a; Jain and Ajmera, 2022; Tamvada et al., 2022). A novel 
contribution of our study is that our prioritization shows that organi-
zational learning barriers are the most crucial category. This relates to 
the specific context of China because, since it initiated “Made in China 
2025” in 2015, it has begun to equip various industries with advanced 
technologies, including the maritime industry. Thus, the key barriers 
identified in this study relate to the soft power of maritime organiza-
tions. Third, this study differentiates the barriers' roles based on their 
driving and dependence power. The results have managerial implica-
tions for ports' top management teams, managers of knowledge man-
agement departments, and government policymakers. 

2. Literature review 

In this section, we introduce the RBV, summarize the literature on 
BDAC, barriers hindering BDAC adoption, and the various MCDM 
methods used, and identify research gaps relevant to the present study. 
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2.1. Resource-based view 

The RBV posits that a firm's sustained competitive advantage de-
pends on its valuable, rare, and inimitable resources (Barney, 1991). 
These include technological and capital resources, infrastructure, 
reputational capital, knowledge, and human resources (Gunasekaran 
et al., 2017). Firms' capability to create or obtain these resources affects 
their competitiveness performance. We consider the RBV to be an 
appropriate theory to investigate this topic for two reasons. First, to 
embed BDAC at the organizational level, tangible resources (e.g. tech-
nology, finance, and data), intangible resources (e.g. organizational 
learning and data-driven culture), and human skills (e.g. technical and 
managerial skills) are all essential (Gupta and George, 2016). The RBV 
considers firms in terms of combinations of resources and capabilities 
that help to achieve competitive advantage and superior performance 
(Wernerfelt, 1984). Inability to acquire sufficient and necessary re-
sources causes barriers to building BDAC. Second, the RBV has been 
used extensively to examine issues relating to big data. For example, 
Dubey et al. (2019b) use RBV and institutional theory to investigate big 
data and predictive analysis, and Mishra et al. (2019) use it to explore 
how organizational capabilities can enable the diffusion of big data and 
predictive analytics. Therefore, we chose to analyze barriers to 
improving BDAC in China's maritime industry through the theoretical 
lens of the RBV. 

2.2. BDAC: Definitions, resources, elements, and adoption 

Among various definitions, Wang et al. (2019) define BDAC as an 
organization's ability to generate, acquire, store, analyze, and visualize a 
large amount of data. Gupta and George (2016) frame it as an organi-
zation's capability to combine certain tangible, intangible, and human 
resources. Tangible resources include data (structured, unstructured, 
and semi-structured), technology (e.g., Hadoop, NoSQL, R program-
ming, Data Lakes), and basic resources such as time and investment. 
Intangible resources include a data-driven culture and intensity of 
organizational learning. A data-driven culture, which is a critical 
resource, is defined as “the extent to which organizational members 
(including top-level executives, middle managers, and lower-level em-
ployees) make decisions based on the insights extracted from data” (Yu 
et al., 2021, p. 3). Its value for shaping business strategy, improving 
business performance, and sustaining competitive advantage is widely 
supported (Kamble and Gunasekaran, 2020). Organizational learning is 
critical in enabling organizations to achieve sustainable performance 
improvement and systematically incorporate new learning into organi-
zational routines (Tortorella et al., 2020). New knowledge and experi-
ence can be acquired either through trial-and-error, or through an 
organizational knowledge repository embedded in working procedures 
and routines (Basten and Haamann, 2018). Human resources are also 
necessary, as BDAC must be planned and implemented by people, 
including business analysts, data scientists, and big data developers and 
engineers (Mauro et al., 2018). 

Given the various benefits of BDA, such as predictability, valued 
knowledge, and strategic decision making, it has been widely deployed 
(Rammer and Es-Sadki, 2023). For example, in public areas, it can be 
applied to smart city development, in terms of urban informatics, digital 
public services, and citizen government e-interfaces, and to disaster/ 
emergency management and policy-making for public services (Abul-
jadail et al., 2023). Iqbal et al. (2020) detail several applications of BDA 
in smart city development, including predicting taxi demand, person-
alizing health services, making business and economic policy recom-
mendations for governments, analyzing population displacement and 
sentiment, detecting manufacturing faults, and applying biometrics and 
surveillance. Weerasinghe et al. (2022) highlight that BDA has great 
potential for population health management (e.g., precision medicine, 
preventive care, and technology-assisted clinical decision-making), but 
its implementation requires more engagement and participation in 

discussions of data quality across micro-, meso-, and macro-levels of 
healthcare. From a comparative analysis of BDA applications in public- 
and private-sector manufacturing, Gao et al. (2023) conclude that pri-
vate enterprises can achieve better green innovation performance than 
government-owned BDA applications. Research on BDA applications in 
private areas is wide-ranging. For example, in their examination of four 
industrial applications, Corallo et al. (2023) illustrate that BDA plays a 
key role in promoting smart manufacturing, such as predictive mainte-
nance for robots equipped with automotive industry-specific control 
systems. Xu et al. (2023) reveal that BDA can improve accuracy, 
response time, and flexibility in supply chain planning, and contributes 
significantly to process optimization and automation. Chatterjee et al. 
(2023) suggest that adoption of BDA may enhance decision-making and 
forecasting processes, and ultimately improve manufacturing firms' 
financial and operational performance. Finally, Saeed et al. (2022) find 
that BDA increases firms' legitimacy. Specifically, a 1 % increase in BDA 
is associated with an increase of approximately 27.4 % in firm legiti-
macy. A recent literature review (Huynh et al. 2023) reveals that studies 
relevant to BDA focus mainly on the research contexts of healthcare, 
supply chain management, manufacturing, the service sector, smart 
cities, and small- and medium-sized companies, but pay little attention 
to the maritime industry (Choi and Park, 2022; Tseng et al., 2022). 

Maritime big data can be characterized in terms of the four “Vs” of 
volume, velocity, variety, and veracity (Koga, 2015). For example, the 
IMO (2012) requires all voyage data to be stored in a continuous and 
automatic manner, and to be retained for at least 30 days/720 h on a 
long-term recording medium and for at least 48 h on fixed and float-free 
recording media. This requires the generation and storage of high- 
volume of data. The maritime industry has various stakeholders, such 
as ship owners and operators, ports, ferries, tour boats, stevedores and 
terminals, marine services, and support services, who generate different 
types of data that can be used for analysis. For example, all passenger 
ships and other ships of 3000 gross tons or more are mandated to be 
equipped with voyage data recorders (VDRs), which are used mainly to 
record electronic data on each voyage (IMO, 2019). Up to 20 types of 
voyage-related data must be recorded and accumulated by VDRs, such 
as the ship's position and speed, wind speed and direction, engine and 
thruster order and response, water depth, accelerations and hull stresses, 
and audio communications (IMO, 2019). A significant amount of data 
relating to ships' performance and navigation is also recorded by auto-
matic identification systems (AIS), which can also be used for analysis. A 
big data position paper published by DNV, a world‑leading assurance 
firm, identifies six benefits of utilizing big data in the maritime industry: 
technical operations and maintenance, energy efficiency, safety perfor-
mance, management and monitoring of accidents and environmental 
risks from shipping traffic, and commercial operations and automation 
of ship operations (Mirovic et al., 2018). 

2.3. Empirical research relating to BDAC: Barrier identification and 
categorization 

Both scholars and practitioners have realized the benefits of big data 
and have applied it to industries such as manufacturing, agri-food, 
healthcare, logistics, and smart industries. However, several barriers 
impede organizations from developing their BDAC. For example, Zhang 
and Lam (2019) consider nine cultural, managerial, and technical bar-
riers that may hamper maritime organizations adoption of big data, the 
top three being lack of understanding of how to use BDA to improve the 
business, lack of executive sponsorship, and lack of skills to conduct 
BDA. Among Bag et al. (2020)'s 15 barriers that may influence BDAC 
establishment in humanitarian organizations, the key ones are multiple 
data formats, insufficient training and education, lack of focus on 
instilling modern management practices, scarcity of public-private 
partnerships, and failure to attract funding. Moktadir et al. (2019) 
show that in manufacturing, BDAC adoption is most significantly 
hampered by data-related barriers, followed by technology-related 
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barriers. In smart industries, the barriers are different. For example, of 
the 12 barriers that Li et al. (2019) identify as hindering organizations 
from applying big data solutions, the key one is lack of understanding 
and strategic planning, because this may introduce six other barriers 
into the system. 

Various taxonomies are used to categorize barriers to BDAC adop-
tion. For example, Chen et al. (2020) classify 20 barriers into the five 
categories of expertise, operations, resources, regulation, and market 
access, whereas Konanahalli et al. (2022)'s four clusters are technolog-
ical barriers, issues relating to data governance and management, 
inadequate preparedness for BDAC initiatives, and data quality and 
skills gaps. Alharthi et al. (2017) categorize barriers to BDAC adoption 
as technological, organizational, and human barriers, and Koga (2015) 
classify them in terms of sound competitive conditions, human re-
sources, and technology. Based on previous studies and Gupta and 
George (2016)'s widely accepted framework for classifying big data re-
sources, we followed four steps to categorize barriers to adopting BDAC 
into five categories: data and technology, basic resources, technological 
and managerial, cultural, and organizational learning. First, we 
searched Web of Science and Business Source Complete by entering 
relevant keywords to identify journal papers relating to barriers, chal-
lenges, issues, problems, hurdles or risks to BDAC adoption, big data, 
BDA and big data adoption. Web of Science and Business Source Com-
plete were selected because they include a range of journals, cover all 
business disciplines, and have been extensively used in previous litera-
ture reviews (Zhao et al., 2022b). The initial search focused on man-
agement and business categories, resulting in 287 publications (148 
from Web of Science and 139 from Business Source Complete). In our 
second step, two PhD students interested in big data and management 
were asked to check the abstract, introduction, and conclusion of each 
paper. We excluded publications focusing on drivers, enablers, and 
factors in BDAC adoption, literature review and conceptual papers, ap-
plications of other industry 4.0 technologies (e.g., blockchain, robotics, 
and artificial intelligence), business model establishment, and papers 
lacking a clear focus on big data. However, some publications focusing 
on disruptive, industry 4.0, or digital technologies (e.g. Annosi et al., 
2021; Jain and Ajmera, 2022; Kumar et al., 2022b; Rathore et al., 2022; 
Tamvada et al., 2022) were included for analysis if they clearly distin-
guished the role of big data. This step resulted in only 24 publications 
remaining. Third, the two PhD students were asked to conduct a detailed 
analysis of the 24 publications, and identify and record the barriers. 
Finally, we consulted two professionals from the maritime industry to 
determine whether any other barriers should be added to our results. 
Table 1 shows the barriers to applying BDAC, listing the 24 relevant 
journal papers by author (s) (year), title, industry/country focus, barrier 
categorizations, and barriers identified. Following our synthesis of the 
literature and consultation of the two maritime professionals, we re- 
categorized the identified barriers into data and technology, basic re-
sources, technological and managerial, cultural, and organizational 
learning. Some barriers identified were excluded from the new catego-
rizations because they either have overlapping meanings or are too 
context-specific, such as financial constraints and lack of financial 
support. 

2.4. MCDM methods used to evaluate barriers to BDAC adoption 

Various MCDM methods have been used to evaluate barriers to BDAC 
adoption (see Table 2). For example, Raut et al. (2021b) apply a grey 
decision-making trial and evaluation laboratory (DEMATEL) approach 
and the analytical network process (ANP) to evaluate cause-effect re-
lationships between 15 barriers to manufacturing firms' adoption of 
BDAC. Their results indicate that the key barriers are lack of data storage 
facilities, IT infrastructure, and organizational strategy, and uncertainty 
about the benefits and long-term usage. Khan (2022) employs the best- 
worst method (BWM) to prioritize 13 barriers to BDAC adoption in the 
context of smart city development. He proposes that data complexity 

and lack of a framework for BDAC adoption and appropriate technolo-
gies are crucial. Interestingly, Zhang and Lam (2019) suggest that lack of 
understanding of how to use BDAC should be given critical attention, as 
this is ranked first among 11 barriers to BDAC adoption in maritime 
organizations. Bag et al. (2020) implement TISM and fuzzy MICMAC 
analysis to investigate interactions between challenges to BDAC adop-
tion. They find that poor data management and lack of funding are two 
driving barriers with the greatest capacity to elicit other barriers in the 
system. 

2.5. Research gaps 

Three research gaps identified from the literature review suggest 
avenues for further investigation. 

First, several authors comment that barriers to BDAC adoption have 
been significantly less researched in the maritime industry than in other 
industries such as manufacturing (see Table 1). For example, Zhang and 
Lam (2019) highlight that maritime organizations' adoption of big data 
is lagging. Maheshwari et al. (2021) also find that existing studies focus 
on the education, telecommunications, finance, retail, governance, and 
healthcare industries, whereas the maritime industry seems to be 
neglected. Trelleborg (2022), a world‑leading maritime infrastructure 
provider, states that many shipping and logistics service providers 
recognize the important role of big data in transforming their services, 
yet applications of big data in the maritime industry lag behind other 
sectors of the global economy. In view of this research gap, we explore 
barriers hindering maritime organizations from establishing BDAC. 

Second, existing analyzes of barriers to BDAC adoption are based 
mainly on data from India and the UK, and significantly less attention 
has been given to China (see Table 1). For example, although we identify 
two studies focusing on China, Li et al. (2019) concentrate on smart 
industry and Chen et al. (2020) focus on healthcare. Among the 24 
selected studies, none focuses on China's maritime industry. China is an 
important maritime power and initiated big data in its maritime industry 
in 2015 (Port Technology, 2015). New understandings can be gained 
from investigating this topic, focusing particularly on a country that has 
invested in big data in its maritime industry for many years. 

Third, MCDM methods are widely applied to explore barriers to 
BDAC adoption (see Table 2). Frequently used methods include 
DEMATEL, ANP, ISM, and VIKOR. However, few studies have used a 
combination of AHP, TISM, and MICMAC. According to Cerneviciene 
and Kabasinskas (2022), applying different MCDM methods in a single 
study generates deeper insights, increases ability to structure complex 
evaluation tasks, and provides well-informed decisions for industry 
practitioners. Thus, this study explores the topic by integrating three 
MCDM methods: TISM, MICMAC, and AHP. 

3. Research methodology 

In this study, we adopted a mixed-method approach to analyze 
barriers impeding applications of BDA in maritime organizations. We 
did so for three reasons. First, a mixed-method approach supports depth 
and breadth of understanding by producing more complete evidence 
(Ostlund et al., 2011). For example, qualitative data provides subjective 
insights into barrier generation mechanisms, and quantitative data 
provides objective insights into barrier prioritization and categorization. 
Thus, exploring the issue from different angles enriches the evidence and 
provides deeper answers (Creswell and Clark, 2011). Second, a mixed- 
method approach enriches researchers' experience and strengthens in-
teractions between scholars and practitioners, thereby enhancing 
interpretation and communication of the results (Bazeley, 2015). Third, 
combining qualitative and quantitative approaches compensates for the 
limitations of each method (Malina et al., 2011). For example, TISM is a 
qualitative modelling technique used to build interactions between 
different variables by allocating them to various layers of a framework. 
However, it neither prioritizes the variables, nor identifies the roles of 
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Table 1 
Selected literature on barriers to applying BDAC.  

Barriers' identification by checking relevant literatures 

Author(s) (year) Paper/journal title Industry/ 
country focus 

Barrier categorization Barrier identified 

Ahmed et al. 
(2017) 

The future of big data in facilities 
management: opportunities and challenges 
(Facilities) 

Engineering and 
construction/ 
UK 

ICT, external, and facilities 
management 

Data security and compatibility issues, timely 
data processing for real-time systems, too 
many vendors selling many different 
products, fragmentation, lack of specific big 
data tools, effective integration of 
unstructured data from many different 
resources, ethical issues, the Data Protection 
Act, possible bias in data capturing and 
presentation, lack of available evidence/ 
cases of big data, lack of collaboration and 
data sharing, short-term thinking, low 
maturity of big data, consistency in data 
measurement and analysis, lack of 
knowledge and skills set, to obtain real value 
from extensive amount of volatile data 

Alharthi et al. 
(2017) 

Addressing barriers to big data (Business 
Horizons) 

Not specified Technological, human, organizational Infrastructure readiness, complexity of data, 
lack of skills, privacy issues, cultural issues 

Stylianou and 
Talias (2017) 

Big data in healthcare: a discussion on the 
big challenges (Health and Technology) 

Healthcare/ 
Cyprus 

Not specified Data quality, user training and information 
systems, economic, privacy and consent 

Li et al. (2019) Barriers of embedding big data solutions in 
smart factories: insights from SAP 
consultant (Industrial Management & Data 
Systems) 

Smart/China Technological and data-related, 
people, organization-wide barriers 

Lack of understanding and planning, lack of 
top management commitment, lack of 
departmental collaboration and alignment, 
failure to identify big data analytical needs, 
lack of qualified consultants, lack of in-house 
scientists, immature CPS and IoT 
development, poor big data sets, poor big 
data management, information security 
threats, user resistance, lack of trust in big 
data analytical results 

Moody et al. 
(2019) 

Look before you leap: barriers to big data 
use in municipalities (Information Polity) 

Government/ 
The Netherlands 

Technical, informational Insufficient infrastructure, loss of legitimacy, 
uninterpretable information 

Moktadir et al. 
(2019) 

Barriers to big data analytics in 
manufacturing supply chains: a case study 
from Bangladesh (Computers & Industrial 
Engineering) 

Manufacturing/ 
Bangladesh 

Technology-related, expertise- and 
investment- related, data-related, 
organization-related 

Unavailability of specific BDA tools, lack of 
interest in implementing new technology, 
lack of skilled IT personnel, high costs of 
investment, lack of funding, lack of facilities 
to research and develop BDA tools, 
complexity of data integration, data quality, 
data security and privacy, performance and 
scalability, no policy to share data among 
organizations, lack of training facilities, time 
constraints, mindset in terms of big data 

Shukla and Mattar 
(2019) 

Next generation smart sustainable auditing 
systems using big data analytics: 
understanding the interaction of critical 
barriers (Computers & Industrial Engineering) 

Agri-food/UK Not specified Poor business case, financial constraints, lack 
of top commitment, operational resistance to 
change, legacy systems in place, poor data 
quality, complexity of data management, 
data security concerns, legal and ethical 
challenges, lack of knowledge sharing, lack 
of infrastructure readiness, lack of skilled 
labour, immature technology, scalability 
challenges, risk of system failure 

Zhang and Lam 
(2019) 

A fuzzy Delphi-AHP-TOPSIS framework to 
identify barriers in big data analytics 
adoption: case of maritime organizations 
(Maritime Policy & Management) 

Maritime/Multi- 
country 

Cultural, managerial, technical Difficult architecture of big data analytic 
system, current database software lacks in 
database analytics, scalability problem with 
big data, cannot make big data usable for end 
users, current database software cannot load 
data and process analytic queries fast 
enough, current data warehouse modelled 
for reports only, data security issues, 
inconsistent data quality, lack of 
understanding of how to use analytics to 
improve the business, lack of executive 
sponsorship, lack of staffing or skills for BDA, 
lack of management bandwidth due to 
competing priorities, difficulty forecasting 
costs and benefits, time consuming setting up 
the structure for using BDA in business 
decision making 

Bag et al. (2020) Big data analytics in sustainable 
humanitarian supply chain: barriers and 
their interactions (Annals of Operations 
Research) 

Humanitarian/ 
African countries 

Not specified Poor data management, multiple data 
formats, lack of skills for data processing and 
correct interpretation, insufficient training 
and education, complexity, fear of new 
technology, infrastructure un-readiness, 

(continued on next page) 
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Table 1 (continued ) 

Barriers' identification by checking relevant literatures 

Author(s) (year) Paper/journal title Industry/ 
country focus 

Barrier categorization Barrier identified 

traditional mind-set of existing employees, 
difficulty changing entire organizational 
culture, low focus on new employee 
deployment, lack of focus on instilling 
modern management practices, poor 
infrastructure, poor information sharing, 
failure to attract funds, few public-private 
partnerships 

Chen et al. (2020) Big data management in healthcare: 
adoption challenges and implications 
(International Journal of Information 
Management) 

Healthcare/ 
China (Taiwan) 

Expertise, operations, resources, 
regulation, market access 

Poor staff cooperation, data analysis ability, 
data application ability, multidisciplinary 
communication, data integration 
mechanisms, poor cooperation with patients, 
data approach ability, unwillingness to share, 
basic complementary measures, data 
creditability, high initial import costs, heavy 
staff workloads, regulatory limitations, data 
access, and utilization, responsibility for 
misdiagnoses, differences between divisions, 
protection of patient privacy, lack of 
incentives, limitation of value-added 
application 

Annosi et al. 
(2021) 

Digitalization within food supply chains to 
prevent food waste. Drivers, barriers and 
collaboration practice (Industrial Marketing 
Management) 

Agri-food/Greece Not specified Collaboration among parties along the supply 
chain limited by small and medium-sized 
firms' capabilities to advance their systems to 
monitor food products, lack of knowledge of 
how digitalizing processes may substantially 
improve the environment and reduce food 
waste, smaller firms do not have resources to 
invest in digitalization, transition to digital 
technologies must involve people, lack of 
trust, psychological resistance, perception of 
new risks, lack of right personnel 

Gupta and Goyal 
(2021) 

Framework for implementing big data 
analytics in Indian manufacturing: ISM- 
MICMAC and fuzzy-AHP approach 
(Information Technology and Management) 

Manufacturing/ 
India 

Infrastructure & technology, 
organizational, operational, 
knowledge & skills, financial, data, 
management-related 

Lack of infrastructure facility, unavailability 
of specific data tools, lack of training 
facilities, time constraints, no organizational 
data-sharing policy, lack of skilled IT 
personnel, lack of awareness of data 
analytics, lack of long-term vision, lack of 
management initiatives, lack top 
management commitment, high investment 
costs, lack of funding, data security and 
privacy, data quality, performance and 
scalability, complexity of data integration 

Kazancoglu et al. 
(2021) 

A fuzzy based hybrid decision framework to 
circularity in dairy supply chains through 
big data solutions (Technological Forecasting 
& Social Change) 

Agri-food/Turkey Economic, social and legal, 
environmental, technological, supply 
chain management, strategic 

Lack of economic incentives, high investment 
costs for transformation, increased research 
and development costs, inadequacy of legal 
systems, inadequate knowledge transfer, lack 
of skilled workforce, lack of supplier 
commitment, insufficient environmental 
standards, inefficient use of resources, lack of 
incentives for green supply chain, issues 
relating to data security, integration, and 
privacy, technical infrastructure deficiency, 
lack of integration between technological 
processes and eco-efficiency, lack of 
implementation of emerging technologies, 
difficulty in balancing supply and demand, 
little understanding and knowledge of CE, 
inefficient information sharing, lack of 
transparency, inability to cope with dynamic 
nature and complexity, short product 
lifecycles, lack of enterprise policies and 
missions, inefficient top management 
commitment and support, lack of 
collaboration, coordination, and cooperation 
among stakeholders, lack of effective 
business models and frameworks, issues 
relating to cultural change during CE 
adoption 

Pal et al. (2021) Problems of big data adoption in the 
healthcare industries (Asia-Pacific Journal of 
Health Management) 

Healthcare/ 
India 

Not specified Expertise, operational, resource, regulatory, 
and market access barriers 

(continued on next page) 
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Table 1 (continued ) 

Barriers' identification by checking relevant literatures 

Author(s) (year) Paper/journal title Industry/ 
country focus 

Barrier categorization Barrier identified 

Raut et al. (2021a) Big data analytics: implementation 
challenges in Indian manufacturing supply 
chains (Computers in Industry) 

Manufacturing/ 
India 

Not specified Poor data quality and lack of trust in data, 
time-consuming activity, insufficient 
resources, lack of security and privacy, lack 
of financial support, behavioural issues, 
return on investment issues, lack of top 
management support, lack of skills, data 
scalability, lack of techniques or procedures, 
lack of data integration and management 

Raut et al. (2021b) Unlocking causal relations of barriers to big 
data analytics in manufacturing firms 
(Industrial Management & Data Systems) 

Manufacturing/ 
India 

Not specified Lack of IT infrastructure, lack of data storage 
facility, lack of skilled workforce, IT 
illiteracy, employee resistance, lack of 
competitive ecosystem, lack of top 
management interest and support, lack of 
organizational strategy, uncertain about 
benefits and long-term usage, lack of data 
privacy, confidentiality, safety and security, 
lack of data authenticity and data accuracy, 
lack of financial support, poor returns on 
investment, lack of legal and ethical support 
by the government and state bodies 

Alrahbi et al. 
(2022) 

Challenges for developing health-care 
knowledge in the digital age (Journal of 
Knowledge Management) 

Healthcare/ 
United Arab 
Emirates (UAE) 

Not specified Lack of motivation, lack of training strategy, 
lack of unified procedure, lack of 
coordination between health authorities, 
lack of marketing strategy, cost strategy, 
weak technology strategy, low standards, 
availability of technology, scope of telecoms 
infrastructure, technology life span, 
compatibility between old and new 
technology, technology maintenance, 
sensitivity of data, information security and 
privacy, information infrastructure, social 
awareness of big data, maturity of big data, 
staff learning behaviour, lack of global 
orientation, education background 

Jain and Ajmera 
(2022) 

Modelling the barriers of Industry 4.0 in 
India using fuzzy TISM (International Journal 
of Business Performance Management) 

Manufacturing/ 
India 

Not specified Jobs disruption, excessive investments, need 
for specialized training and skills, data 
security and privacy concerns, lack of 
comprehensive network and IT facility, 
regulatory compliance issues, lack of uniform 
standards for information exchange, legal 
risk from external data use, insufficient 
maintenance support systems, organizational 
culture, government support, lack of digital 
strategy with resource scarcity, lack of top 
management support, employee resistance, 
unclear perceptions of IoT 

Khan (2022) Barriers of big data analytics for smart cities 
development: a context of emerging 
economies (International Journal of 
Management Science and Engineering 
Management) 

Smart city/India Privacy and security-related, 
technological, and management- 
related barriers 

Lack of data privacy and security protocols, 
lack of data sharing, vulnerability to attack, 
lack of technologies to implement BDA, lack 
of computational power, heterogeneous 
environment, incompleteness, and 
interoperability, lack of big data processing 
platforms, data complexity, population 
diversity, lack of framework for BDA 
adoption, lack of collaboration, high 
investment costs 

Konanahalli et al. 
(2022) 

Drivers and challenges associated with the 
implementation of big data within UK 
facilities management sector: an exploratory 
factor analysis approach (IEEE Transactions 
on Engineering Management) 

Facility/UK Technological barrier, issues related 
to data governance and management, 
inadequate preparedness for BDAC 
initiatives, and data quality and skill 
gap 

Poor quality data, concerns about security of 
data transmitted over the network, lack of 
clarity on how assets should be hierarchically 
grouped, inconsistent connectivity to handle 
bandwidth-intensive real-time applications, 
legal issues associated with aggregating 
massive amounts of data, ethical issues 
associated with data storage, ambiguity 
associated with ownership of big data, 
restricted rights to remotely access and 
control building management systems, closed 
protocols by product manufacturers, issues 
with legacy systems integration, lack of clear 
business cases for funding, lack of budget, 
lack of skilled talent, stakeholders resistance 
to change 

(continued on next page) 
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Table 1 (continued ) 

Barriers' identification by checking relevant literatures 

Author(s) (year) Paper/journal title Industry/ 
country focus 

Barrier categorization Barrier identified 

Kumar et al. 
(2022a) 

Analysis of barriers intensity for investment 
in big data analytics for sustainable 
manufacturing operations in post-COVID- 
19B pandemic era (Journal of Enterprise 
Information Management) 

Manufacturing/ 
India 

Not specified Lack of policies for data security and privacy, 
absence of data-driven decision-making 
culture, high cost of developing digital 
infrastructure, ineffective performance 
framework for assessing the effectiveness of 
investments on new technologies, rigid 
organizational culture for making new 
investments on technologies, lack of 
confidence of return on investment in BDAC 
adoption, lack of research on applications of 
BDA tools, high cost associated in managing 
unstructured huge data, unavailability of 
specific BDA tools, absence of coordination 
among stakeholders, high cost associated in 
integrating data across the supply chain, 
inadequate data sharing policy among 
stakeholders, lack of competence for using 
BDA in resource optimization, lack of support 
from employees for implementing new 
technologies, high cost of hiring skilled big 
data analytic consultants, high cost of 
training programs, lack of trust and 
commitment among employees 

Kumar et al. 
(2022b) 

Fuzzy AHP approach for barrier to 
implement LSS in the context of Industry 4.0 
(International Journal of Productivity and 
Performance Management) 

Manufacturing 
/India 

Not specified High investment and implementation cost, 
employee fear and resistance to change, lack 
of top management commitment, 
unavailability of skilled manpower and need 
for enhanced skills, lack of awareness of data 
collection and analysis, cyber security and 
data privacy issues, lack of regulation, lack of 
data management system, lack of standards, 
legal issues and contractual uncertainty, lack 
of IT and organizational infrastructure, 
difficulty to identify process dimensions, 
seamless integration and compatibility 
issues, lack of availability of suppliers for 
embedded systems, low maturity level, lack 
of clarity about economic benefits, lack of 
leadership, advisory and monitoring, 
challenges in value-chain integration, lack of 
training and education, lack of integration of 
lean six sigma with smart tools, lack of good 
external consultant, lack of proper 
recognition and rewards, lack of effective 
communication, poor supply chain 
integration, ineffective model or road map of 
project implementation 

Rathore et al. 
(2022) 

Identification and analysis of adoption 
barriers of disruptive technologies in the 
logistics industry (The International Journal 
of Logistics Management) 

Logistics/India Not specified Legal and data framework, resistance to 
change, infrastructure, data management, 
lack of trust, lack of communication, lack of 
top management support, lack of adequate 
resources, lack of advanced analytics skills, 
lack of reliability, privacy and security, 
technical issues 

Tamvada et al. 
(2022) 

Adopting new technology is a distant 
dream? The risks of implementing Industry 
4.0 in emerging economy SMEs 
(Technological Forecasting & Social Change) 

Manufacturing/ 
India 

Financial, technological, operational, 
business, societal and environmental, 
supply chain, and cybersecurity 

High investments, unclear economic benefit, 
long and uncertain amortization, risk of false 
investments, a decision in what to invest 
when, too late investments, risk of 
obsolescence of an investment in technology, 
personal cost, inadequate qualification of 
employees, redesign of facility layout, shifts 
of competencies, internal resistance and 
corporate culture, lack of expertise, low 
awareness, fear of employees, maintenance, 
infrastructure shortcomings, manufacturing 
process management-based risk, 
organizational risk, higher complexity, 
sabotage by employees, lack of standards, IT- 
interface problem, technical complexity and 
integration, lack of decision logic, low degree 
of maturity, availability of fast internet, 
power shifts, losing a competitive advantage, 
legal and political customers, job losses, 

(continued on next page) 
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each variable in the system. These limitations are alleviated by 
combining it with AHP and MICMAC analysis. Fourth, the results can be 
triangulated by employing a mixed-method approach (Zhao et al., 
2020). For example, MICMAC analysis can be used to evaluate the re-
sults of TISM. Fifth, philosophically, a mixed-method approach allows 
investigation from both inductive and deductive perspectives, and 
consequently enables researchers to combine theory generation and 
hypothesis testing in a single study (Jogulu and Pansiri, 2011). 

In this study, we conducted semi-structured interviews to collect 
data from experienced port practitioners, followed by thematic analysis 
to identify barriers impeding ports from establishing BDAC. The barriers 
identified through thematic analysis were then used as inputs for further 
analysis, using AHP to prioritize the categories of barriers and the bar-
riers within each category and overall, TISM to build interrelationships 
between barriers, and MICMAC analysis to cluster the barriers based on 
their individual characteristics, for instance as driving or dependent 
barriers. The research methodology is illustrated in Fig. 1. 

3.1. Data collection method 

Semi-structured interviews were used to collect data by asking pre-
defined questions around a thematic framework. Four primary consid-
erations determined this choice of method. First, semi-structured 
interviews allow flexibility to ask probing research questions (Gugiu and 
Rodriguez-Campos, 2007). Second, a standardized interview schedule 
would not have accounted for the diverse educational, professional, and 
personal histories of the sample group (Barriball and While, 1994), and 
unstructured interviews would have been inappropriate to prompt re-
sponses specific to our questions. Third, semi-structured interviews elicit 
higher response rates than questionnaires (McIntosh and Morse, 2015). 
Finally, semi-structured interviews are well-suited to exploring partici-
pants' perceptions, knowledge, and opinions of an experience or phe-
nomenon (Morse and Niehaus, 2009). 

3.2. Data analysis methods 

A combination of thematic analysis, AHP, TISM, and MICMAC 
analysis was employed in this study. 

Thematic analysis is a qualitative approach widely applied to iden-
tify, describe, and report themes in a data set (Braun and Clarke, 2006). 
For several reasons, we selected this as the first method for analyzing the 
data collected from semi-structured interviews. First, it is helpful for 
generating unanticipated insights by highlighting similarities and dif-
ferences across a data set. Second, it follows a well-organized structure, 
making it easier to summarize key features of a large data set (King, 
2004). Third, it allows high flexibility, helping to generate rich and 
detailed accounts of data. Other qualitative data analysis techniques, 
such as grounded theory, narrative analysis, or discourse analysis, 
would have been unsuitable for this study owing to limitations in 
dealing with the variability and manifestations involved (Braun and 
Clarke, 2006). 

AHP is a well-developed MCDM method for prioritizing alternatives 
in a complex decision-making problem (Saaty, 1980). It has been widely 
applied in various areas, including risk prioritization, supplier selection, 
and enterprise resource planning systems (Luthra et al., 2016; Bemmami 
and David, 2021). Other potential methods would have been inappli-
cable in this study owing to their various limitations. For example, the 
technique for order of preference by similarity to ideal solution (TOPSIS) 
technique has been criticized for its high subjectivity, ANP has limited 
applicability because of its complex process, and ELECTRE requires an 
additional threshold to be introduced when ranking alternatives (Sabaei 
et al., 2015; Yu et al., 2018). AHP has the advantages of wide applica-
bility and ease of use (Emrouznejad and Marra, 2017), and was applied 
in this study to prioritize barriers impeding BDAC improvement in ports. 

TISM is a qualitative modelling technique for building links between 
variables in a system. It helps to transform an unarticulated model into 
an unambiguous and straightforward model, and therefore helps to 
answer “what”, “why”, and “how” questions in theory building (Jena 
et al., 2017). Other methods, such as graph theory, structural equation 

Table 1 (continued ) 

Barriers' identification by checking relevant literatures 

Author(s) (year) Paper/journal title Industry/ 
country focus 

Barrier categorization Barrier identified 

mental stress, wastages, emissions, system 
overload, IT security, loss of suppliers 

Re-categorization of barriers from synthesis of existing studies 
Category Barriers Empirical identification from our study 
Data and 

technology 
barriers 

Data security and compatibility issues, data integration issues, legal and ethical issues, privacy issues, 
complexity of data, possible bias in data capturing and presentation, immaturity of big data, lack of consistent 
in data measurement and analysis, immature of CPS and IoT development, information security threats, loss of 
legitimacy, data quality issues, scalability challenges, data credibility, lack of data storage facility, lack of data 
authenticity and data accuracy, compatibility between old and new technologies 

Complexity of data, lack of a data integration 
approach, lack of parallel computing 
approaches 

Basic resource 
barriers 

Infrastructure unreadiness, high costs of investment, lack of funding, lack of facilities to research and develop 
BDA tools, time constraints, lack of government support 

Lack of funding, limited access to data, time 
constraints 

Technological and 
managerial 
barriers 

Timely data processing for real-time systems, too many vendors selling many different products, lack of 
specific big data tools, lack of data analytics skills, lack of available evidence/cases of big data, short-term 
thinking, difficulty obtaining value from extensive amount of volatile data, lack of user training and 
information systems, lack of top management commitment, lack of understanding and planning, lack of 
qualified consultants, mistrust of big data analytics results, mindset in terms of big data, difficulty of 
architecture big data analytic systems, inability to make big data usable for end users, current database 
software lacking in database analytics, difficulty of forecasting costs and benefits, lack of management 
bandwidth due to competing priorities, lack of focus on instilling modern management practices, few public- 
private partnerships, market access barriers, lack of long-term vision, lack of economic incentives, lack of 
supplier commitment, uncompetitive ecosystem, lack of organizational strategy, technology maintenance, 
social awareness of big data, lack of computational power, vulnerability to attack, risk of false investments, 
redesign of facility layout, lack of advice and monitoring, high cost of training programmes, high cost of hiring 
skilled big data analytics consultants, absence of coordination among stakeholders 

Lack of education and training, lack of data 
analytics skills, lack of capacity to anticipate 
future needs, lack of capability to interpret 
big data results 

Cultural barriers Cultural issues, user resistance, stakeholders' resistance to change, difficulty changing entire organizational 
culture, behavioural issues, internal resistance and corporate culture, absence of data-driven decision-making 
culture 

Lack of error correction mechanisms, lack of 
continuous assessment and improvement, 
lack of coordination 

Organizational 
learning barriers 

Lack of collaboration and data sharing, lack of knowledge sharing, traditional mindset of existing employees, 
poor staff cooperation and learning behaviour, inadequate knowledge transfer 

Unwillingness to share knowledge, lack of 
organizational memory, lack of incentives for 
employees to test new knowledge  

G. Zhao et al.                                                                                                                                                                                                                                    



Technological Forecasting & Social Change 203 (2024) 123345

10

modelling (SEM), and interpretive structural modelling (ISM), can all be 
used to build interactions among variables, but each has limitations. For 
example, TISM only needs a small sample size, whereas a large sample is 
required for SEM (Tarka, 2018). Graph theory fails to indicate directions 
between two variables, whereas TISM does not suffer from this draw-
back (Agarwal et al., 2022). Finally, TISM has a critical advantage over 
ISM in providing explanations of links between variables (Sushil., 2012). 
Thus, in this study we applied TISM to build links between the barriers 
identified as impeding applications of big data technologies in ports. 

Finally, we used MICMAC analysis to cluster the barriers and verify 
the TISM model. Two primary considerations were that it would provide 
deeper insights into the role of each variable in the system, and that it 
has been widely combined with TISM in previous studies (Raut et al., 
2021a). 

4. Empirical data collection 

To develop an interview guide, we followed Gill et al. (2008)'s five- 
step process, comprising topic selection, defining different aspects of the 
topic, initial question formulation, final question determination through 
pilot tests, and determining the logical order of questions. Having 
reviewed relevant literature and conducted brainstorming sessions with 
two professors in data science and decision-making, we determined the 
topic, sub-topics, and initial questions, and evaluated the interview 
guide by conducting pilot tests with five maritime industry practitioners. 
This process indicated that we needed to improve our probing skills and 

give more examples during the interviews, such as citing examples of 
relevant software that might be used to perform BDA (e.g., Stata, 
Microsoft Power BI, IBM Watson Analytics). Our final interview guide 
consisted of six sections covering general questions, data and technology 
barriers, resource barriers, technological and managerial barriers, cul-
tural barriers, and organizational learning barriers (see Appendix 1). 

We employed purposive sampling and snowball sampling to collect 
empirical data from 26 ports in China (see Appendix 2). Chinese ports 
were selected for three reasons. First, in 2015, the Chinese government 
built its first big database for international shipping at Qingdao Port to 
facilitate modernization of the port and the shipping industry (Port 
Technology, 2015). More big databases have since been built across the 
country as a result of supportive policies and finance. Second, China has 
17 ports listed in the top 50 container ports globally, based on their 
capacity to handle twenty-foot equivalent units (World Shipping 
Council, 2022). Third, the authors have deep connections with China's 
shipping and port industry resulting from participation and involvement 
in Horizon 2020 projects, making it easier for us to find suitable re-
spondents. Purposive sampling is a method used to identify and select 
respondents most likely to yield useful and appropriate knowledge 
about the investigated phenomenon (Kelly, 2010). After several brain-
storming sessions with the researchers involved in this study, we 
developed three criteria for identifying suitable respondents. First, to 
ensure the respondents' high-level knowledge and expertise, those 
selected should have more than ten years' working experience in ports 
and more than five years relating to big data. Second, to ensure adequate 

Table 2 
MCDM methods used to evaluate barriers to BDAC adoption.  

Author(s) 
(year) 

Topic MCDM methods used Industry/ 
country focus 

Number of 
barriers 
evaluated 

Key barrier(s) 

Moktadir et al. 
(2019) 

Identifying and prioritizing barriers to 
big data analytics adoption 

A Delphi-based AHP Manufacturing/ 
Bangladesh 

15 Lack of industrial facilities, high cost of 
investment, complexity of data integration, time 
constraints 

Shukla and 
Mattar (2019) 

Identifying and linking barriers ISM-MICMAC Not specified/ 
UK 

15 Complexity of data management, immaturity of 
technology, lack of skilled labour 

Zhang and Lam 
(2019) 

Identifying and prioritizing barriers Combination of 
Delphi, AHP and 
TOPSIS 

Maritime/ 
Multi-country 

11 Lack of understanding of how to use analytics to 
improve the business 

Bag et al. (2020) Identifying and linking barriers that 
impede BDAC adoption 

Fuzzy TISM-MICMAC Humanitarian/ 
Not applicable 

15 Poor management of data generated from 
multiple sources and failure to attract funds 

Chen et al. 
(2020) 

Evaluating organization-driven barriers 
in implementing a big data-based 
healthcare information system 

VIKOR Healthcare/ 
Not applicable 

20 Data application, data integration, data 
utilization, heavy staff workloads, and limited 
value-added applications 

Gupta and 
Goyal (2021) 

Identifying, ranking, and linking barriers 
to BDAC adoption 

ISM-MICMAC-fuzzy 
AHP 

Manufacturing/ 
India 

16 Lack of top management commitment 

Kazancoglu 
et al. (2021) 

Uncovering and ranking potential 
barriers 

Combination of fuzzy 
AHP-VIKOR 

Agri-food/ 
Turkey 

27 Economic barriers 

Raut et al. 
(2021a) 

Identifying and evaluating barriers to 
BDAC adoption 

Combination of ISM 
and DEMATEL 

Manufacturing/ 
India 

15 Lack of top management support 

Raut et al. 
(2021b) 

Identifying barriers to BDAC adoption, 
and evaluating their cause-effect 
relationships 

Combination of 
DEMATEL and ANP 

Manufacturing/ 
India 

15 Lack of data storage facilities, lack of IT 
infrastructure, lack of organizational strategy, 
uncertainty about benefits and long-term usage 

Alrahbi et al. 
(2022) 

Challenges for developing knowledge in 
digital age 

Exploratory and 
confirmatory factor 
analysis 

Healthcare/ 
UAE 

16 Organizational strategy, technical barriers, 
readiness for big data and IoT, orientation 

Jain and Ajmera 
(2022) 

Modelling barriers to Industry 4.0 Fuzzy TISM Manufacturing/ 
India 

15 Lack of top management support 

Khan (2022) Investigating and prioritizing barriers to 
development of a smart city 

BWM Smart city/ 
India 

13 Data complexity, and lack of framework and 
technologies for BDAC adoption 

Kumar et al. 
(2022a) 

Analysis of barriers to BDAC adoption 
for sustainable manufacturing 
operations 

Graph theory matrix 
approach 

Manufacturing/ 
India 

17 Organizational barriers 

Kumar et al. 
(2022b) 

Analysis of barriers to implementing 
lean six sigma with big data analytics 

Fuzzy AHP Manufacturing/ 
India 

27 Lack of leadership, advice and monitoring, lack 
of clarity about economic benefits 

Konanahalli 
et al. (2022) 

Ranking barriers to BDAC adoption Exploratory factor 
analysis 

Facility 
industry/UK 

14 Data governance and management issues 

Rathore et al. 
(2022) 

Identifying and analyzing barriers to 
BDAC adoption 

Fuzzy Delphi-ISM- 
MICMAC 

Logistics/ 
India 

12 Lack of top management support 

Tamvada et al. 
(2022) 

Analysis of barriers to adopting new 
technologies 

Fuzzy-AHP Not specified/ 
India 

70 Financial and technological barriers  
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knowledge relating to big data, respondents should be senior techni-
cians, senior engineers, or other senior-level professionals. Third, the 
selected ports must have applied or be intending to apply BDA to assist 
their daily operations. Having participated in several maritime-focused 
projects funded by the Horizon 2020 Research, Innovation, Science, 
Expert (RISE) programme, we had built connections with several Chi-
nese professors experienced in multimodal transportation, port man-
agement, and navigation technology who had been working with 
China's port and shipping industry for more than 30 years and therefore 
had wide-ranging connections. Based on their recommendations, we 
generated an initial list of 28 ports that might have applied BDA. After 
checking with relevant terminal operators and port authorities through 
WeChat and telephone, we confirmed that only 17 of these had applied 
BDA. We then began to search for relevant senior-level professionals 
from these ports, using our connections and the Chinese professors' 
recommendations, which resulted in 32 potential participants. Some did 
not have interests in our topic or did not fulfil our criteria owing to 
insufficient port- or big data-related working experience. This reduced 
our initial selection to 17 participants. 

We sent participants an introductory email three days before their 
interviews to give them sufficient time to prepare their answers. Each 
interview was recorded with permission, and many probing questions 
were asked to seek clarification. The interviews lasted 75 min on 
average, allowing respondents to express their ideas and elaborate on 
their answers. At the end of each interview, we asked them whether they 
knew anyone with an interest in and willingness to participate in this 
research, a technique known as snowball sampling. In this way, another 
15 potential respondents were identified, whom we contacted through 
WeChat and telephone to check their eligibility and availability. Nine of 
them satisfied the aforementioned selection criteria. We employed Yin 
(2009)'s proposed 24-h rule to analyze our qualitative data. Rapid data 
analysis helped us to determine when data saturation had been reached. 
After 23 interviews, key phrases such as “complexity of data” and “lack 
of data analytics skills” emerged frequently from analysis of our 

discussions with practitioners. We conducted three further interviews to 
check that no new themes emerged. Thus, the total sample size was 26. 
No universal rules are recommended for data saturation of sample sizes. 
For example, Hennink and Kaiser (2022) propose that the data satura-
tion point tends to be reached after conducting between nine and 17 
interviews or four to eight focus group discussions, particularly for 
studies that have narrowly defined objectives and relatively homoge-
neous populations. According to Bekele and Ago (2022), the most 
frequently mentioned range at which data saturation is reached in 
qualitative research is between 20 and 60 interviews. Scholars are not 
agreed on sample sizes for saturation because this depends on several 
factors, such as the aim of the research, the type of research questions, 
the analytical strategy, the quality of the dialogue, and the researcher's 
experience of conducting qualitative research (Francis et al., 2010; 
Bekele and Ago, 2022). Previous discussions of sample size in qualitative 
research are consistent with the 26 interviews conducted in our study. 

5. Data analysis and findings 

Four data analysis methods were employed in this study: thematic 
analysis, AHP, TISM, and MICMAC analysis. 

5.1. Identifying barriers to BDAC adoption through thematic analysis 

Thematic analysis was employed to identify barriers to BDAC 
adoption from the semi-structured interview data. First, the data were 
transcribed and edited. This involved word-for-word transcription of the 
interview audio files, and careful removal of irrelevant words and sen-
tences from the transcripts. Second, immersive reading of the transcripts 
several times ensured that the coders were familiar with the data. The 
third step was coding and categorization. Using qualitative data analysis 
software (NVivo 13), we initially highlighted any words and sentences 
relevant to barriers to BDAC adoption. The codes extracted from the 
transcripts were then collapsed into themes, which were labelled with 

Research methodology 

Semi-structured 
interviews

Interviews with 

experienced port 

practitioners 

Thematic analysis 

Identify barriers that 

impede applications of 

big data in ports 

AHP  
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MICMAC analysis  

Build interrelationships 

between the identified 

barriers 

Cluster barriers into 

four categories and 

verify TISM model

Prioritize barriers 

Prioritize, identify interrelationships, and cluster barriers

Fig. 1. Research methodology adopted.  
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established constructs from the literature focusing on barriers to BDAC 
adoption. We further categorized the identified themes into different 
dimensions/categories, and finally employed King and Horrocks' (2010) 
framework to present the results (see Appendix 3). 

Accordingly, 16 barriers are identified across five categories. In the 
data and technology category, we identify three barriers: complexity of 
data, lack of a data integration approach, and lack of parallel computing 
approaches. Among these, complexity of data received the most atten-
tion from our industry practitioners, and lack of parallel computing 
approaches the least. One interviewee stated “Container ports include a 
range of stakeholders (e.g., port authority and terminal operators) and many 
digital systems (e.g., terminal operating system, truck appointing system, and 
port community system), which results in data that may originate from 
disparate sources and poses difficulties to analyze them.” In some situations, 
data may be available for analysis. However, the situation is exacerbated 
by lack of a data integration approach: “Data analytics is a complicated 
process, which involves several basic steps such as extracting data from 
various sources, storing data appropriately, and integrating and transforming 
data with analytics.” There are three barriers in the basic resources 
category: lack of funding, limited access to data, and time constraints. Of 
these, lack of funding gained significant attention from the industry 
practitioners. We suppose this to be because establishing BDAC in 
container ports involves large investments in infrastructure. One inter-
viewee said: “BDA is an effective technological innovation that can improve 
port efficiency, but its successful deployment involves applications of many 
infrastructures, such as sufficient computational power and technology 
integration across port stakeholders.” In addition, access to data may be 
difficult: “Sometimes, it is not easy to access data because of privacy issues, 
and companies fear disclosing their trade secrets.” In the technological and 
managerial category, we identify lack of training and education, lack of 
data analytical skills, lack of capacity to anticipate future needs, and 
lack of capacity to interpret BDA results. Interestingly, 69.23 % (18/26) 
of interviewees mentioned lack of training and education as a barrier. 
This is because most training and education is short-term and theoreti-
cally or conceptually based, whereas practical training is largely lacking. 
One interviewee stated: “We have training and educational sessions about 
the latest development trends in container ports, port digitalization, port 
sustainability, carbon-neutral ports, and policy education. However, these 
training sessions are conceptually based. What we are lacking is practically- 
based training sessions such as data analytical skills improvement.” This is 
also why 88.46 % (23/26) of interviewees claimed that they lacked data 
analytics skills, and 80.77 % (21/26) mentioned lack of capacity to 
anticipate future needs. In the cultural category of barriers are lack of 
error correction mechanisms, lack of continuous assessment and 
improvement, and lack of coordination. In particular, lack of error 
correction mechanisms was frequently mentioned by interviewees. One 
stated: “It is difficult to provide feedback or comments to managers even 
though they made mistakes.” We believe that the China's hierarchical 
cultural value orientation makes employees reluctant to propose their 
ideas and challenge their managers. Finally, we identify three barriers in 
the organizational learning category: lack of organizational memory, 
unwillingness to share knowledge, and lack of incentives for employees 
to test new knowledge. One interviewee stated: “There are punishments 
for employees who make mistakes or errors. However, there are no incentives 
for employees to test new knowledge because we are a state-owned enterprise 
and keeping the enterprise smoothly running is our priority.” 

5.2. Prioritizing identified barriers using AHP 

AHP was implemented to prioritize the identified barriers. This 
involved the following steps.  

1) Definition of the aim of implementing AHP: The aim of conducting AHP 
was to evaluate barriers to BDAC adoption in the maritime industry 
to determine their relative importance.  

2) Formation of pair-wise comparisons: This step involved pair-wise 
comparisons of the identified barriers based on an expert's judg-
ments. A professor in data science and decision making who had 
been collaborating with the maritime industry for more than ten 
years was asked to rate the relationships between pairs of barriers, 
based on Saaty (1980)'s work (see Appendix 4). Pair-wise compari-
son matrices for categories of barriers, specific barriers in each 
category, and their relative weightings are shown in Appendix 5.  

3) Calculation of priority of each criterion: This step involved calculating 
the priority of each criterion in terms of its contribution to BDAC 
adoption in the maritime industry. First, we calculated a normalized 
pair-wise comparison matrix by adding all values in each column and 
dividing each barrier by its column total. We then computed prior-
ities for each criterion by calculating the average of the values in 
each row of the normalized matrix (Luthra et al., 2016). 

4) Implementation of consistency analysis: The aim of conducting con-
sistency analysis was to ensure that the expert's judgments on pair- 
wise comparisons were consistent. A consistency ratio (CR) of less 
than 0.1 would confirm that the judgments and pair-wise compari-
sons were acceptable (Saaty, 1980), whereas if the consistency ratio 
was greater than 0.1, the expert would be asked to review the ratings. 
To obtain a CR, it is necessary to divide the consistency index (CI) by 
the random index (RI). The CI is determined by λmax, which repre-
sents the maximum average value, and is calculated as follows. First, 
each value in a specific column of the pair-wise comparison is 
multiplied by the corresponding criteria weightings. Second, the 
weighted sum value is calculated by summing all values in a specific 
row. Third, the weighted sum values are divided by the corre-
sponding criteria weightings of each criterion. Through this pro-
cedure, λmax can be obtained. CI is then calculated using the eq. CI 
= (λmax – n)/(n− 1), where n represents the number of elements. The 
AHP analysis results indicate the relative importance of categories of 
barriers, and of specific barriers in each category (see Table 3). 

Organizational learning barriers are the top-ranked category, fol-
lowed by resource, cultural, technological and managerial, and data and 
technology barriers. This means that organizational learning plays a 
significant role in improving maritime organizations' BDAC, requiring 
them to continuously acquire, disseminate, and use big data-related 
knowledge at individual, group, and organizational levels. Second, un-
willingness to share knowledge is weighted highest among the identified 
organizational learning barriers. Knowledge hiding was a common 
phenomenon in the maritime organizations investigated, with most 
employees withholding what they knew (Connelly et al., 2012). The 
reasons for this may include highly competitive relationships between 
employees, lack of trust, and overreliance on other colleagues. To tackle 
this problem, maritime organizations should establish more cognitively 
complex roles, such as senior data scientists, data engineers, and data 
analysts. Those in such roles tend to share more knowledge because they 
need to process large amounts of information and solve complex prob-
lems (Gagne et al., 2019). Third, lack of funding is the top-ranked barrier 
in the resource category, while time constraints are ranked bottom. 
Fourth, lack of error correction mechanisms is ranked first in the cultural 
barriers category. We believe that China's hierarchical cultural value 
orientation (Schwartz, 2006) makes it difficult for ground-level and 
middle-level employees to discuss their ideas with the top management 
team, especially concerning big data-related decisions. Thus, common 
practices and mechanisms, such as communicating, detecting, 
analyzing, and correcting errors, should be embedded in organizational 
routines (Cusin and Goujon-Belghit, 2019). Fifth, lack of education and 
training is given the highest relative weighting of the four technological 
and managerial barriers. Previous research confirms that lack of training 
and education is an obstacle to building BDAC (Moktadir et al., 2019; 
Bag et al., 2020). Training and education are critical for successful 
improvement of organizations' BDAC (Dubey and Gunasekaran, 2015). 
Thus, reskilling and upskilling employees, for instance by equipping 
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them with hard skills (e.g., programming language, SQL and NoSQL 
databases, data structure, algorithms) and soft skills (e.g., passion, 
teamwork skills, interpersonal skills, positive attitude) are key to 
leveraging BDAC. Finally, of the three data and technology barriers, lack 
of parallel computing approaches is ranked first. 

In the global ranking of barriers, the top three barriers are unwill-
ingness to share knowledge(O2), lack of funding(R1), and lack of coor-
dination(C3). However, based on the thematic analysis, the three barriers 
attracting the most support from maritime industry practitioners are 
complexity of data(D1) (26/26, 100 %), lack of funding(R1) (26/26, 100 
%), and lack of data analytical skills(T2) (23/26, 88.46 %). This diver-
gence may arise from the AHP prioritization being based on one pro-
fessor's knowledge, and the thematic analysis results being based on 
industry practitioners' experiences, as the two sources differ in educa-
tion, knowledge, expertise, and working experience. One interviewee 
stated: “we had difficulties to find qualified data scientists even if high sal-
aries were given.” Therefore, industry practitioners broadly agree that 
lack of data analytical skills(T2) and complexity of data(D1) should be 
given critical attention. However, with the professor's expertise in data 
science and decision making, he did not prioritize these two barriers not 
prioritized in the AHP. 

5.3. Establishing interactions between the identified barriers through 
TISM 

Investigating the joint impact of various barriers to BDAC adoption 
may result in better management of an organization's BDAC than tack-
ling each barrier in isolation (Ho et al., 2015). AHP helped us to prior-
itize the identified barriers, highlighting which particular barrier types 
to alleviate and mitigate. However, this technique does not help to 
identify interrelationships and interdependencies between barriers, 
which may hinder BDAC improvement because mitigating one barrier 
may induce other barriers. Thus, we needed to explore interactions 
between the identified barriers. To do so, the following nine-step process 
was implemented for TISM:  

1) Barrier identification and definition: This step involved identifying and 
defining the barriers to be modelled, using the barriers identified 
from our interviews with maritime industry practitioners as inputs 
into the TISM process.  

2) Determination of contextual relationships between pairs of barriers: In 
focusing on building interrelationships between the 16 barriers 

identified, contextual relationships between two barriers were 
defined as “Barrier A will cause/induce Barrier B.”  

3) Interpretation of relationships between pairs of barriers: The expert was 
asked: (1) “do you think that barrier A will cause/induce barrier B"; 
and if yes, (2) “in what way will barrier A cause/induce barrier B.” 
Through answers to these two questions provided deeper knowledge 
of barriers to BDAC adoption. 

4) Interpretive logic of pair-wise comparison: This step involved individ-
ually comparing each barrier with all the other barriers. Thus, the 
total number of pair-wise comparisons for the 16 barriers was n × (n- 
1) = 16 × (16–1) = 240. An interpretive logic-knowledge base was 
developed based on the pair-wise comparisons. The experts' opinions 
were captured for each pair-wise comparison, coded “Y” to represent 
the presence of a relationship between two barriers, and “N” for no 
relationship. Relationships coded “Y”, were then further interpreted. 

5) Development of initial and final reachability matrices: An initial reach-
ability matrix (see Appendix 6) was developed from the interpretive 
logic-knowledge base by transforming “Y” codes into “1” and “N” 
codes into “0”. A transitivity check was then conducted to transform 
the initial reachability matrix into a final reachability matrix, using 
the rule “If barrier A relates to barrier B, barrier B relates to barrier C, 
which indicates barrier A necessarily relates to barrier C". The final 
reachability matrix is shown in Appendix 7.  

6) Determination of levels by partitioning the reachability matrix: This step 
involved determining the levels of each barrier in the TISM model. 
Thus, it was important to determine the reachability set and ante-
cedent set for each barrier based on the final reachability matrix. The 
reachability set for a particular barrier contains the barrier itself and 
any other barriers that it will cause/induce, and the antecedent set 
consists of the barrier itself and any other barriers that will cause/ 
induce it. The intersection set is determined from the reachability 
and antecedent sets. This step was performed until the levels of all 
barriers were determined (see Appendix 8).  

7) Development of a digraph: A digraph was developed by arranging all 
the barriers at their respective levels, and linking them through 
direct and transitive links (see Appendix 9). Only important transi-
tive links were retained, based on the expert's recommendation.  

8) Interpretive matrix: A binary interaction matrix was obtained by 
translating all interactions in the digraph into “1” in the respective 
cells. For cells with a “1” entry, relevant interpretations were 
extracted from the interpretive logic-knowledge base to form the 
interpretive matrix. 

Table 3 
Global ranking of barriers to BDAC adoption.  

Category of barriers Relative 
weighting 

Relative 
rank 

Specific barrier Relative 
weighting 

Relative 
rank 

Global 
weighting 

Global 
rank 

Data and technology barriers(D)  0.073407  5 Complexity of data(D1)  0.267964  2  0.017628  15 
Lack of a data integration approach(D2)  0.194629  3  0.036425  11 
Lack of parallel computing approaches(D3)  0.537407  1  0.023353  12 

Basic resource barriers(R)  0.275771  2 Lack of funding(R1)  0.633411  1  0.103532  2 
Limited access to data(R2)  0.260447  2  0.038619  10 
Time constraints(R3)  0.106412  3  0.016517  16 

Technological and managerial 
barriers(T)  

0.076506  4 Lack of education and training(T1)  0.505089  1  0.067586  8 
Lack of data analytical skills(T2)  0.148133  3  0.093427  5 
Lack of capability to anticipate future 
needs(T3)  

0.075895  4  0.021646  13 

Lack of capability to interpret big data 
analytics results(T4)  

0.270883  2  0.06689  9 

Cultural barriers(C)  0.143635  3 Lack of error correction mechanism(C1)  0.647994  1  0.100457  4 
Lack of continuous assessment and 
improvement(C2)  

0.229814  2  0.070313  7 

Lack of coordination(C3)  0.122191  3  0.103518  3 
Organizational learning 

barriers(O)  

0.430682  1 Lack of organizational memory(O1)  0.260447  2  0.021574  14 
Unwillingness to share knowledge(O2)  0.633411  1  0.144712  1 
Lack of incentives for employees to test 
new knowledge(O3)  

0.106142  3  0.074002  6  
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9) Total interpretive structural model: We formulated a TISM model of 
barriers to BDAC adoption to reveal their interdependencies and 
interactions (see Fig. 2). 

The TISM analysis produced a hierarchical framework with ten levels 
(see Fig. 2). Lack of coordination(C3) is located at the lowest level of the 
TISM hierarchy, and lack of continuous assessment and improvement(C2) 
at the highest. The remaining 14 barriers are dispersed from levels II to 
IX. Coordination is critical in enabling maritime organizations to 
develop their BDAC, as multidisciplinary work is required to bring 
together various technical, analytical, and functional perspectives 
(Espinosa and Armour, 2016). However, lack of coordination exists 
widely at departmental and organizational levels in China. For example, 
lack of motivation to interact with higher-level governments to secure 
financial support for BDAC development may result in lack of fun-
ding(R1), and exacerbate lack of education and training(T1). Training and 
education are essential to enable employees to update their skill sets and 
knowledge relating to big data, such as applications of data visualization 
software, cloud services, programming languages, and understanding of 
the latest trends. However, education and training was commonly 
lacking in the maritime organizations investigated, potentially resulting 
in lack of error correction mechanisms(C1) and lack of parallel 
computing approaches(D3). Without parallel computing, different data 
analysis tasks and subtasks cannot be run simultaneously, giving rise to 
time constraints(R3) in big data projects. Lack of error correction 
mechanisms(C1) may also cause top management teams to make wrong 
decisions relating to big data. This may be due to unequal distribution of 
power, roles, and resources between the top management team and 
ground-level workers (e.g., software engineers, statisticians, and data 
architects), employees being expected to comply with rules and obli-
gations attached to their roles, and difficulty in ground-level workers' 
comments, opinions, and knowledge reaching the top management 
team. Furthermore, employees may not be encouraged to trial and test 
new knowledge if financial resources are insufficient and punishments 
may be applied when they make mistakes. Therefore, lack of incentives 
for employees to test new knowledge(O3) and unwillingness to share 
knowledge(O2) were present in most of the organizations investigated. 

The maritime industry generates around 100–120 million pieces of 
data per year (Trelleborg, 2022). These come from various sources, such 
as vessel movements, port operations, and transaction and financial 
records. To forecast equipment failures, conduct sustainable analysis of 
refrigerated containers, and streamline flows of goods, data scientists 
need to analyze structured, unstructured, and semi-structured data from 
various sources. Given the complexity of data(D1), they may lack suffi-
cient data analytics skills(T2). Qualified data scientists must master a 
range of analytics skills, such as data cleaning and visualization, ability 
to use structured query language (SQL), NoSQL, and statistical pro-
gramming languages (e.g., R, Python), and critical thinking and 
communication skills. Without sufficient and appropriate data analytics 
skills, they will find it difficult to analyze, interpret, and present data. 
Thus, lack of capability to anticipate future needs(T3) frequently arises 
from the difficulty of gaining deep insights from data. In congested 
ports, it is difficult to re-plan routes and vessel positions. Lack of a data 
integration approach(D2), lack of capability to interpret big data ana-
lytics results(T4), and lack of organizational memory(O1), make contin-
uous assessment and improvement(C2) impossible. 

5.4. Categorizing barriers through MICMAC analysis 

MICMAC analysis was used to differentiate the role of each barrier in 
the system. We clustered the 16 barriers into four categories based on 
each barrier's driving and dependence power. Driving power was ob-
tained by summing the values of each row in the final reachability 
matrix (see Appendix 7), and the corresponding dependence power was 
obtained by summing the values of each column. Based on their driving 
and dependence power, we plotted the barriers into four clusters (see 

Fig. 3). Higher driving power means a barrier has a greater opportunity 
to elicit other barriers in the system and occupies a lower level in the 
TISM hierarchy, whereas higher dependence power indicates that a 
barrier is more likely to be elicited by other barriers in the system and 
occupies a higher level in the TISM hierarchy.  

➢ Independent barriers, characterized by high driving power and low 
dependence power, include lack of coordination(C3), lack of fun-
ding(R1), lack of education and training(T1), lack of incentives for 
employees to test new knowledge(O3), lack of error correction 
mechanisms(C1), lack of parallel computing approaches(D3), time 
constraints(R3), and unwillingness to share knowledge(O2). These act 
as drivers of the system, and therefore have more opportunities to 
elicit other barriers in the system. In particular, lack of coor-
dination(C3) is located at the lowest level of the TISM hierarchy and 
has the highest driving power; therefore, tackling this should be a 
priority.  

➢ No linkage barriers were identified in this study. Linkage barriers 
link lower-level independent barriers and higher-level dependent 
barriers in the TISM hierarchy, and are characterized by high driving 
and high dependence power. 

➢ Autonomous barriers are characterized by less driving and depen-
dence power. Only one barrier, limited access to data(R2), is catego-
rized in this cluster. Autonomous barriers do not normally have 
many connections with the system. A majority of our interviewees 
stated that they had not experienced limitations in accessing data, 
with one commenting that “there are data from vessel movements, 
ships, transaction and finance records, credit reports, and bunker 
costs available for analysis.”  

➢ Dependent barriers, characterized by high dependence power and 
low driving power, are located at a relatively high level of the TISM 
hierarchy and are dependent on other barriers. The seven dependent 
barriers in our categorization are complexity of data(D1), lack of data 
analytical skills(T2), lack of capability to anticipate future needs(T3), 
lack of a data integration approach(D2), lack of capability to interpret 
big data analytics results(T4), lack of organizational memory(O1), and 
lack of continuous assessment and improvement(C2). 

6. Discussion and contributions 

In answering the three initial research questions, this study makes 
several contributions to the existing knowledge. First, 16 barriers across 
five categories (data and technology, resource, technological and 
managerial, cultural, and organizational learning) are identified as ob-
stacles to improving BDAC in the maritime industry. Second, we prior-
itize these 16 barriers, providing a clearer understanding of their 
relative importance in impeding BDAC improvement. We also provide 
insights into interrelationships between the 16 barriers, which will 
guide their better management and elicit a systematic approach to 
tackling them. Third, this study establishes a categorization based on the 
role of each barrier in the system (independent, linkage, autonomous, 
dependent), which may help managers of maritime organizations to 
allocate resources more efficiently and effectively. 

6.1. Theoretical contributions 

The RBV is a well-developed theory and is widely used to investigate 
issues relevant to BDAC. Previous scholars using this approach to 
explore how resources can promote the performance of a firm, organi-
zation, institution, or supply chain, have confirmed that technological 
resources are necessary for BDAC (Alnuaimi et al., 2021; Ashaari et al., 
2021; Saeed et al., 2022). However, what kind of technological re-
sources may affect the adoption of BDAC in the context of container 
ports is less clear. Container ports differ from other organizations 
because they are constituted by a range of stakeholders, including the 
port authority and port terminal operators. Establishing BDAC at port 
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Fig. 2. TISM model of barriers to BDAC adoption.  
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community level is more difficult than building BDAC at the organiza-
tional level. Therefore, our study contributes to the RBV by highlighting 
that lack of technological resources such as a data integration approach, 
parallel computing approaches, and data analytical skills may raise 
obstacles to building container ports' BDAC. In a recent review of BDAC, 
Huynh et al. (2023) summarize seven big data-specific technological 
resources: data visualization, data provisioning, data processing, data 
aggregation, big data utilization, big data architectural components, and 
knowledge sharing of big data. However, they do not list parallel 
computing approaches, which is part of our contribution to the estab-
lishment of ports' BDAC. Moreover, our study is differ from previous 
work because we assume that BDAC adoption may be affected not only 
by a data-driven organizational culture, but also by the national cultural 
value orientation. In China, people are deeply affected by a hierarchical 
cultural orientation in which competition and obeying rules are viewed 
as good. As a result, they tend not to propose their ideas or challenge 
their leaders. The situation is even worse in some state-owned maritime 
enterprises, meaning that bottom-up feedback channels are ineffective. 
Therefore, it is difficult for the top management teams of maritime or-
ganizations in China to learn from frontline workers. This study extends 
application of the RBV to the area of barriers to BDAC adoption by 
identifying barriers from a cultural perspective. Finally, this study 
contributes to organizational learning theory in identifying that lack of 
organizational memory and lack of incentives for employees to test new 
knowledge are barriers to impede BDAC development. Although previ-
ous studies note the importance of organizational learning in building 
organizational BDAC (Gupta and George, 2016; Wamba et al., 2017; 
Calic and Ghasemaghaei, 2021), they do not clarify which specific ele-
ments of organizational learning may play an important role. Unlike 
other studies (Argote and Ren, 2012; Aissa et al., 2022; Lazar et al., 
2022) that confirm the role of organizational memory systems at the 
team, departmental, and organizational levels, this study extends the 
research context to the port community level, highlighting that lack of 
an organizational memory system may raise obstacles to BDAC 
adoption. 

Although previous studies have investigated barriers to adopting 
BDAC in various industries (Bag et al., 2020; Annosi et al., 2021; 

Kazancoglu et al., 2021; Raut et al., 2021a; Konanahalli et al., 2022; 
Tamvada et al., 2022), this study identifies several new barriers (see 
Table 1), including cultural barriers (lack of error correction mecha-
nisms and lack of continuous assessment and improvement) and orga-
nizational learning barriers (lack of organizational memory and lack of 
incentives for employees to test new knowledge). However, several of 
our barriers support the existing literature. For example, Percin (2023) 
identifies 14 barriers impeding BDAC adoption in Turkey's agri-food 
industry, including barriers frequently mentioned by scholars, such as 
lack of financial resources, lack of top management support, complexity 
of data integration and management, and lack of skilled human re-
sources. This study partially supports their results and confirms the 
presence of some of these barriers in China's maritime industry. Aru-
nachalam et al. (2018) highlight two categories of barriers to adopting 
BDAC in supply chains: organizational barriers (time consuming, 
insufficient resources, privacy and security issues, behavioural issues, 
issues with returns on investment, and lack of skills) and technical 
barriers (data quality and scalability, and lack of techniques and pro-
cedures). This study reveals that time constraints, lack of data analytical 
skills, and data complexity are barriers that impede Chinese maritime 
organizations' adoption of BDAC. However, the maritime organizations 
involved in this study are state-owned enterprises that do not need to 
consider returns on investment, making a difference from Arunachalam 
et al. (2018)'s. Dehkhodaei et al. (2023) identify 34 barriers across seven 
categories in manufacturing industries, including barriers relating to 
data, technology, organizational issues, expertise and investment, 
governance, legal, and economic and business aspects. However, they do 
not mention any cultural- or organizational learning-related barriers. Qi 
et al. (2023) reveal several data- and technology-related barriers that 
challenge implementation of BDA in intelligent manufacturing systems, 
including data loss, leakage, offloading, data integration problems, and 
missing data streams. This study partially supports their view in iden-
tifying data complexity, lack of a data integration approach, and lack of 
parallel computing approaches as data- and technology-related barriers. 

This study reveals that organizational learning is the most important 
category of barrier, while unwillingness to share knowledge and lack of 
coordination are the key individual barriers that most adversely 

Fig. 3. MICMAC analysis of barriers to BDAC adoption.  
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influence BDAC improvement in the maritime industry. Our findings 
differ from those of most other studies in this area. Regarding prioriti-
zation of the categories of barriers to BDAC adoption, Percin (2023) 
identifies five categories and ranks with technological barriers as the 
first priority, followed by economic, social, environmental, and orga-
nizational barriers. In Moktadir et al.'s (2019) categorization, data- 
related barriers are ranked first, followed by technological, expertise 
and investment, and organizational barriers. Gupta and Goyal (2021) 
classify management, and infrastructure and technology-related- 
barriers as the main hurdles to implementing BDAC. However, in our 
findings, the organizational learning category is ranked first, whereas 
the data and technology category is last in the priority list. With regard 
to ranking individual barriers, our results also differ from existing work. 
Khan (2022) considers data complexity to be the most important of the 
13 barriers identified. However, in our study, data complexity ranked 
only 15th of the 16 identified barriers. Bag et al. (2020) and Kumar et al. 
(2022a) indicate that lack of support from government and employees 
significantly impedes BDAC adoption. This study confirms that lack of 
coordination results in limited government funding, which further im-
pedes BDAC deployment. Dehkhodaei et al. (2023) determine that lack 
of sufficient knowledge is the key barrier to establishing BDAC in a 
manufacturing industry. This study supports their view in confirming 
that unwillingness to share knowledge and lack of coordination are key 
impediments to the maritime industry's BDAC development. The study 
generates novel results that differ from existing studies conducted in 
countries with different economic, policy, and cultural environments. 
For example, in 2015, the Chinese government initiated its “Made in 
China 2025” programme to improve technological capabilities in ten 
key areas, including new information technology and new materials 
(Institute for Security and Development Policy, 2018). Several ports in 
China have already been equipped with big data technologies, including 
Qingdao, Guangzhou, Xiamen, Shanghai, and Shanghai Ports (Port 
Technology, 2015). Most of the ports investigated in this study seem to 
be equipped with the “hard power” (e.g., big data-related hardware) 
necessary to generate BDAC, but lack “soft power” in the form of for-
ward and backward big data-related learning, knowledge, and skills 
across individual, group, and organizational levels. Our study appears to 
be the first to find that an organizational learning-related barrier (un-
willingness to share knowledge) and a culture-related barrier (lack of 
coordination) are key barriers to BDAC development. 

Finally, this study sheds light on the role of each barrier in the sys-
tem. Eight barriers, including lack of coordination, lack of funding, and 
lack of education and training, are categorized as drivers that have the 
capability to elicit other barriers, one barrier (limited access to data) is 
classified as an autonomous barrier, and the remaining seven barriers 
are dependent barriers (e.g., lack of continuous improvement and 
assessment). Unlike other studies, we do not identify any linkage bar-
riers. For example, Dehkhodaei et al. (2023) identify four linkage bar-
riers to BDAC from data collected from Iranian companies: lack of top 
management support, weakness of data-driven decision-making, lack of 
funding, and lack of coherent planning. However, this study reveals that 
lack of funding is an independent barrier that may drive the system. This 
contrast shows that China's maritime industry is struggling to obtain 
government funding because China has the largest shipping fleet and 
shipping construction sector, and also has many of the world's top 50 
container ports. To establish BDAC across all sectors of the maritime 
industry will be difficult and will require constant investment from the 
Chinese government. Bag et al. (2020) identify two driving barriers 
(insufficient training and education and poor management of data 
generated from multiple sources) among their 15 barriers to BDA 
adoption in the humanitarian industry. This study supports their finding 
since lack of training and education is classified in the independent 
barriers group. Raut et al. (2021b) find that six barriers drive challenges 
to the BDA of Indian manufacturing: lack of top management support, 
lack of financial support, lack of skills, lack of techniques or procedures, 
lack of sufficient resources, and data scalability. Our study partially 

supports their results. 

6.2. Managerial implications 

The results of this study have implications for tackling the organi-
zational learning, basic resource, cultural, technological and manage-
rial, and data and technology categories of barriers. 

In our study, the organizational learning category (relative weight-
ing of 0.430682) is ranked first among the five categories of barriers (see 
Table 3), indicating that tackling this category of barriers should be 
prioritized. Since establishing BDAC at port community level requires 
inputs from various port stakeholders to facilitate knowledge mobili-
zation, we suggest that community-level transactional memory systems 
should be built to help understand individuals' expertise, promote trust 
among port stakeholders, and facilitate effective knowledge mobiliza-
tion relevant to big data (Naqshbandi and Tabche, 2018; Aissa et al., 
2022). This would alleviate organizational learning barriers such as 
unwillingness to share knowledge and lack of organizational memory. 

The basic resource category of barriers (relative weighting of 
0.275771) is ranked second among the five categories of barriers (see 
Table 3). To tackle the barriers in this category, port stakeholders must 
build relationships (guanxi) with key government officers who have 
power to allocate resources for their organizations' development 
because China is affected by the hierarchy cultural value orientation. 
Therefore, Guanxi plays a central role in the Chinese social order and is a 
social phenomenon peculiar to China (Xie and Li, 2021). This would 
alleviate barriers such as limited access to data, time constraints, and 
lack of funding. 

We have two suggestions relating to cultural barriers. This category 
of barriers (relative weighting of 0.143635) is ranked third among the 
five categories of barriers (see Table 3), and lack of coordination(C3) is 
located at the lowest level of the TISM hierarchy (see Fig. 2) and has the 
highest driving power to elicit other barriers (see Fig. 3). Therefore, this 
category also requires critical attention from port managers. First, owing 
to the effects of China's hierarchical cultural value orientation (see Ap-
pendix 3), employees are expected to follow their leaders' ideas in 
conducting their work. Therefore, we suggest that ports' top manage-
ment teams should implement a bottom-up approach to complement 
top-down management. The top management team should be respon-
sible for formulating mid-term and long-term strategic goals for their 
company, while middle-management team members and ground-level 
workers should be responsible for developing steps to achieve the stra-
tegic goals, thereby improving collaboration, coordination, productiv-
ity, and employee morale (Conway and Monks, 2011). This would 
alleviate barriers such as lack of an error correction mechanism and lack 
of continuous assessment and improvement. Second, to strengthen co-
ordination and collaboration among port community stakeholders (see 
Fig. 2), we suggest implementing cross-organizational workforce 
mobilization, whereby employees of one organization have multiple 
memberships of other organizations. The boundary-spanning role of 
these employees would strengthen cross-organizational interactions 
(Chau et al., 2017). 

With regard to the technological and managerial category of barriers 
(relative weighting of 0.076506 and is ranked fourth among the five 
categories of barriers) (see Table 3), we suggest that conceptual and 
practical training should be implemented in parallel. Our interviewees 
were critical that all training and educational sessions are conceptually 
based, and that they lack practical training (see Appendix 3). Thus, for 
middle- and high-level managers responsible for making strategic de-
cisions, conceptual training might be provided to help them to under-
stand the latest trends in port development, the various advanced 
technologies that can be applied in ports, and relevant port policies. 
However, for ground-level data scientists, practical training might be 
provided to equip them with the latest data analytical skills. 

Finally, the data and technology category of barriers is ranked last of 
the five categories (relative weighting of 0.073407) (see Table 3). The 
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ports involved in this study should build relationships with leading 
technology providers in China to tackle data complexity, lack of a data 
integration approach, and lack of parallel computing approaches. 

7. Conclusion, limitations, and future research directions 

In this study, we adopted a mixed-method approach to identify and 
analyze barriers to BDAC adoption in China's maritime industry. Semi- 
structured interviews were conducted to collect data from 26 ports in 
China, followed by thematic analysis to identify barriers. AHP was then 
used to prioritize the barriers and determine their relative importance. 
Next, we applied TISM to build interactions between the 16 barriers. 
Finally, MICMAC analysis was implemented to differentiate the role of 
each barrier in the system. Our study responds to calls by Zhang and Lam 
(2019) and Munim et al. (2020) for more research on applications of 
BDAC in the maritime industry. This study enriches relevant literatures 
on the identification of barriers affecting BDAC adoption, expands the 
methodological approach used to analyze these barriers, and thereby 
contributing to the effective understanding and successful deployment 
of BDAC in the maritime industry. More specifically, this study makes 
several contributions to theory and managerial practice. Theoretically, 
this study extends the RBV and organizational learning theory by 
highlighting that lack of technological resources (e.g., parallel 
computing approaches, data analytical skills, and a data integration 
approach), the effects of national cultural value orientations, lack of 
community-wide organizational memory systems, lack of continuous 
assessment and improvement, lack of error correction mechanisms, and 
lack of incentives for employees to test new knowledge are obstacles to 
building ports' BDAC. Contributing to managerial practices, our findings 
on barrier prioritization, insights into interrelationships between bar-
riers, and barrier clustering will help port managers to understand, 
analyze, and manage the barriers more effectively, and hence enhance 
BDAC adoption across the maritime industry. 

7.1. Limitations and future research directions 

This study has several limitations that might be addressed in future 
studies. First, this study focuses on China's maritime industry, which 
may limit generalization of our findings. Thus, we suggest using ques-
tionnaires to evaluate the results in other countries, such as Thailand, 
Iran, and India, that have a cultural value orientation similar to China 
(Schwartz, 2006). For example, our findings might gain generalizability 
by evaluating the various barriers, their prioritization, interrelation-
ships, and categorization. Moreover, this study may have reliability is-
sues because we involved qualitative data collection and analysis 
methods that are often criticized by researchers for lacking scientific 
rigour (Noble and Smith, 2015). To alleviate this issue, several strategies 
can be adopted in future research: (1) involving more researchers into 
qualitative data collection and analysis processes to reduce research 
bias; (2) sending interview transcripts and thematic analysis results to 
the interview participants for comments to examine whether the final 
themes reflect the phenomenon being investigated; and (3) having 
meticulous record to demonstrate clear decision trail and ensure data 
interpretations are consistent and transparent. 

A second potential limitation is that we do not analyze enablers or 
driving forces to achieve BDAC in the maritime industry. Analysis of 
these may help maritime practitioners to understand the potential 
benefits of building BDAC, thereby contributing to a deeper under-
standing of the topic (Horvath and Szabo, 2019). Thus, future work 
might utilize our research methodology to understand what enablers or 
driving forces facilitate BDAC adoption in the maritime industry and 
provide a route for implementation by maritime practitioners. 

Third, we collected data from 26 ports in China equipped with big 
data technologies. We selected ports that play an important role in the 
maritime system and act as linkages between sea- and land-side opera-
tions. However, we did not collect data from other stakeholders, such as 

ship owners and operators, marine services, and support services. This 
limits comprehensive understanding of the topic. Therefore, future work 
should collect data not only from ports, but also from other maritime 
stakeholders. 

Fourth, AHP can be used to determine the relative importance of 
alternatives. However, it has been criticized for its limitations. First, Liu 
et al. (2020) observe that AHP is subjective in nature and over-relies on 
experts' inputs. The situation may be exacerbated if the prioritization 
results are based on a single expert's inputs (Mital et al., 2018). For 
example, in our study, a professor in data science and decision making 
was involved rating relationships between pairs of barriers. Second, it is 
difficult to use AHP to tackle large problems, particularly when those 
problems have more than four hierarchy levels (Saaty, 1980). In this 
study, three hierarchical levels were formulated to prioritize the cate-
gories of barriers, the barriers within each category, and their global 
ranking. Third, high computational capacity is required to tackle even a 
small problem (Salvia et al., 2019). Finally, the decision maker must 
have a comprehensive understanding of the problem, the purpose of the 
decision, and the criteria and sub-criteria used in decision making 
(Saaty, 2008). To alleviate the limitations of AHP, a group-based fuzzy 
AHP might be utilized in future research to analyze the problem by 
involving a group of experts with a deep understanding of both the topic 
and the decision-making process. This enables groups of experts to ex-
press their judgments independently in fuzzy linguistic terms, which has 
proved to be more realistic in tackling real-life decision-making prob-
lems (Groselj et al., 2015). 

Fifth, TISM and MICMAC analysis were used in this study to deter-
mine interrelationships between barriers and cluster the barriers. 
However, these two techniques both have potential drawbacks. First, 
TISM has been criticized for failing account for the driving directions 
between two elements when modelling their interrelationships. Thus, 
future research might integrate the driving direction into the step 3 of 
the TISM analysis by asking the expert: whether element A positively or 
negatively influences element B if there is a relationship between the 
two elements. Sushil. (2018) provides detailed guidance on how to 
incorporate the polarity of relationships into TISM. Second, MICMAC 
analysis has been criticized for imprecision (Zhao et al., 2023). For 
example, in our study, relationships between two barriers are denoted as 
“1” to denote a relationship between two barriers, or “0” to denote that 
there is no relationship between them. However, other situations must 
also be considered, such as extremely weak, weak, strong, or very strong 
interrelationships (Zhao et al., 2022a). Thus, fuzzy set theory might be 
combined with MICMAC analysis in future research to improve the 
sensitivity analysis and provide more precise results on barriers' in-
terrelationships and clusters. 
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Appendix 1. Interview guide 

Part 1: General questions about the participant's background  

(1) What is your role/position in your organization (e.g., senior manager, senior scientist, senior technician)?  
(2) What is your highest educational attainment?  
(3) How many employees work in your organization?  
(4) How many years have you worked in the maritime industry?  
(5) How many years of big data-related working experience have you had? 

Part 2: Data and technology barriers  

(1) Does your organization have access to very large, unstructured, or fast-moving data for analysis? If yes, please describe the data you have the 
right to access.  

(2) Does your organization need to integrate multiple internal sources into a data warehouse or mart for easy access?  
(3) Does your organization have sufficient facilities to perform big data analytics (e.g., data visualization software such as Microsoft Power BI and 

IBM Watson Analytics, or cloud services such as IBM Cloud and Amazon Web Services)?  
(4) Other barriers/challenges that need to be specified… 

Part 3: Resource barriers  

(1) Does your organization have sufficient funding for big data analytics projects?  
(2) Do you have enough time to achieve the desired result from a big data analytics project?  
(3) Other barriers/challenges that need to be specified… 

Part 4: Technological and managerial barriers  

(1) Does your organization have training and education courses for employees?  
(2) Do your organization's human resources have sufficient data analytics skills?  
(3) Do you think your employees have appropriate data analytics skills to accomplish their jobs?  
(4) Do you think the top management team can anticipate the future needs of other managers, suppliers, and customers?  
(5) Other barriers/challenges that need to be specified… 

Part 5: Cultural barriers  

(1) Do you think that your organization has a data-driven culture?  
(2) Other barriers/challenges that need to be specified… 

Part 6: Organizational learning barriers  

(1) Do you think your organization is actively searching for new and relevant knowledge?  
(2) Do you think your organization is actively assimilating new and relevant knowledge?  
(3) Do you think your organization has made concerted efforts to exploit existing competencies and explore new knowledge?  
(4) Other barriers/challenges that need to be specified… 

Appendix 2. Respondents' details  

Port Respondent role Education Working experience (years) Big data experience (years) 

A Technical director Graduate  19  7 
B Senior engineer Graduate  14  5 
C Senior engineer Postgraduate  12  5 
D Technology leader Postgraduate  15  5 
E Intermediate engineer Graduate  10  5 
F Senior computer engineer Vocational education  15  6 
G Senior technician Postgraduate  20  5 
H Senior technician Graduate  15  6 
I Senior engineer Graduate  28  5 
J Technical director Postgraduate  20  7 
K Senior engineer Postgraduate  10  5 
L Senior technician Graduate  10  5 
M Senior technician Postgraduate  15  7 
N Technical director Postgraduate  22  7 
O Senior engineer Graduate  16  5 
P Senior engineer Graduate  18  6 
Q Senior technician Diploma  10  5 

(continued on next page) 
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(continued ) 

Port Respondent role Education Working experience (years) Big data experience (years) 

R Senior technician Diploma  12  5 
S Senior human resource manager Postgraduate  15  5 
T Human resource director PhD  20  5 
U Senior finance manager Postgraduate  10  5 
V Finance director Postgraduate  13  6 
W Senior human resource manager Postgraduate  14  5 
X Senior finance manger Postgraduate  17  6 
Y President PhD  16  7 
Z Vice-president PhD  18  5  

Appendix 3. Barriers identified from thematic analysis  

First-order codes Second-order themes Support from industry 
practitioners (%) 

Aggregate dimensions 

“Large data sets from different sources that need many sources to 
process.” 

Complexity of data (D1) A,B,C,D,E,F,G,H,I,J,K,L, 
M,N,O,P,Q,R,S,T,U,V,W,X,Y, 
Z (26/26, 100 %) 

Data and technology 
barriers (D) 

“It is difficult to integrate data from multiple internal sources into a 
data warehouse.” 

Lack of a data integration approach 
(D2) 

A,B,C,D,E,F,J,K,L, 
M,N,O,P,Q,R,T,U,V,W,X 
(20/26, 76.92 %) 

“Our company has not adopted a parallel computing approach to big 
data processing.” 

Lack of parallel computing 
approaches (D3) 

A,B,F,G,H,I,J,K,L, 
M,N,O,P,Q,R (15/26, 57.69 
%) 

“We lack funding to do big data-related projects.” Lack of funding (R1) A,B,C,D,E,F,G,H,I,J,K,L, 
M,N,O,P,Q,R,S,T,U,V,W,X,Y, 
Z (26/26, 100 %) 

Basic resource barriers (R) 

“We have limited access to very large and unstructured data.” Limited access to data (R2) A,B,C,D,E,F,G,H,J,K,L, 
M,N,P,Q,R (16/26, 61.54 %) 

“We do not have enough time to achieve the desired result from a big 
data analytics project.” 

Time constraints (R3) A,B,C,D,E,F,G,H,I,J,K,L, 
M,N,O,P,Q,R (18/26, 69.23 
%) 

“Training related to applying relevant software is lacking in our 
company.” 

Lack of education and training (T1) A,B,C,D,E,F,G,H,I,J,K,L, 
M,N,O,P,Q,R (18/26, 69.23 
%) 

Technological and 
managerial barriers (T) 

“Sometimes, our analysts do not have appropriate skills to 
accomplish their jobs successfully.” 

Lack of data analytics skills (T2) A,B,C,D,E,F,G,H,I,J,K,L, 
M,N,O,P,Q,R,T,U,V,W,X (23/ 
26, 88.46 %) 

“Our analytics managers are not able to anticipate the future 
business needs of other managers, suppliers, and customers.” 

Lack of capability to anticipate future 
needs (T3) 

A,B,H,I,J,K,L,M,N,O,P,Q,R, 
S,T,U,V,W,X,Y,Z (21/26, 
80.77 %) 

“The manager sometimes cannot interpret the resources obtained 
using complex analyses.” 

Lack of capability to interpret big data 
analytics results (T4) 

A,B,C,D,E,F,G,L,M,N,O,P,Q,R 
(14/26, 53.84 %) 

“Due to the hierarchical structure, it is difficult for us to correct 
manager's decisions.” 

Lack of error correction mechanisms 
(C1) 

A,B,C,D,E,F,G,H,I,J,K,L,P,Q, 
R, 
T,U,V,W,X (20/26, 76.92 %) 

Cultural barriers (C) 

“Continuously assessing and improving the business activities in 
response to insights extracted from data is lacking.” 

Lack of continuous assessment and 
improvement (C2) 

A,B,F,G,H,I,J,K,L, 
M,N,O,P,Q,R (15/26, 57.69 
%) 

“Our analytics managers lack capability to coordinate big data- 
related activities in ways that support other partners.” 

Lack of coordination (C3) A,B,C,D,E,F,G,H,I,J,K,L, 
O,P,Q,R (16/26, 61.54 %) 

“A knowledge repository has not been built.” Lack of organizational memory (O1) A,B,C,D,G,H,I,J,K,L,M,N,Q,R 
(14/26, 53.85 %) 

Organizational learning 
barriers (O) 

“Obviously, employees lack willingness to share knowledge.” Unwillingness to share knowledge 
(O2) 

A,B,E,F,G,H,I,J,K,L, 
M,P,Q,R (14/26, 53.85 %) 

“There are punishments for employees who make mistakes or 
errors.” 

Lack of incentives for employees to 
test new knowledge (O3) 

A,B,C,D,E,F,G,H,I,J,K,L, 
M,N,O,P,Q,R (18/26, 69.23 
%)  

Appendix 4. Numerical values used for pair-wise comparisons  

Degree of preference Numerical value 

Equal importance 1 
Moderate importance 3 
Strong importance 5 
Very strong importance 7 
Extreme importance 9 
Intermediate values between adjacent scale values 2,4,6,8  
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Appendix 5. Pair-wise assessment matrices 

1. Pair-wise assessment matrix for categories of barriers to BDAC   

D R T C O Relative weight Rank 

D (Data and technology barriers)  1  0.333  1  0.333  0.2  0.073407  5 
R (Resource barriers)  3  1  5  3  0.333  0.275771  2 
T (Technological and managerial barriers)  1  0.2  1  0.2  0.333  0.076506  4 
C (Cultural barriers)  0.333  0.333  5  1  0.333  0.143635  3 
O (Organizational learning barriers)  5  3  3  3  1  0.430682  1 

Note: λmax = 5.218956, CI = 0.054739, CR = 0.04887411, RI = 1.12. 

2. Pair-wise assessment matrix for “data and technology” category of barriers   

D1 D2 D3 Relative weight Rank 

D1 (Complexity of data)  1  2  0.333  0.267964  2 
D2 (Lack of a data integration approach)  0.5  1  0.5  0.194629  3 
D3 (Lack of parallel computing approaches)  3  2  1  0.537407  1 

Note: λmax = 3.093853, CI = 0.046927, RI = 0.58, CR = 0.080909. 

3. Pair-wise assessment matrix for “resource” category of barriers   

R1 R2 R3 Relative weight Rank 

R1 (Lack of funding)  1  3  5  0.633411  1 
R2 (Limited access to data)  0.333  1  3  0.260447  2 
R3 (Time constraints)  0.2  0.333  1  0.106412  3 

Note: λmax = 3.038166, CI = 0.019083, RI = 0.58, CR = 0.032902. 

4. Pair-wise assessment matrix for “technological and managerial” category of barriers   

T1 T2 T3 T4 Relative weight Rank 

T1(Lack of education and training)  1  3  5  3  0.505089  1 
T2 (Lack of data analytical skills)  0.333  1  2  0.5  0.148133  2 
T3 (Lack of capability to anticipate future needs)  0.2  0.5  1  0.2  0.075895  4 
T4 (Lack of capability to interpret big data analytics results)  0.333  2  5  1  0.270883  3 

Note: λmax = 4.112693, CI = 0.037564, RI = 0.9, CR = 0.041738. 

5. Pair-wise assessment matrix for “cultural” category of barriers   

C1 C2 C3 Relative weight Rank 

C1 (Lack of error correction mechanism)  1  3  5  0.647994  1 
C2 (Lack of continuously assessment and improvement)  0.333  1  2  0.229814  2 
C3 (Lack of coordination)  0.2  0.5  1  0.122191  3 

Note: λmax = 3.003383, CI = 0.001691, RI = 0.58, CR = 0.002916. 

6. Pair-wise assessment matrix for “organizational learning” category of barriers   

O1 O2 O3 Relative weight Rank 

O1 (Lack of organizational memory)  1  0.333  3  0.260447  2 
O2 (Unwillingness to share knowledge)  3  1  5  0.633411  1 
O3 (Lack of incentives for employees to test new knowledge)  0.333  0.2  1  0.106142  3 

Note: λmax = 3.038166, CI = 0.019083, RI = 0.58, CR = 0.032902. 

Appendix 6. Initial reachability matrix   

D1 D2 D3 R1 R2 R3 T1 T2 T3 T4 C1 C2 C3 O1 O2 O3 

D1  1  1  0  0  0  0  0  1  0  0  0  0  0  0  0  0 
D2  0  1  0  0  0  0  0  0  0  0  0  1  0  0  0  0 
D3  1  1  1  0  0  1  0  1  1  1  0  1  0  1  0  0 
R1  1  1  1  1  1  0  1  1  1  1  0  1  0  1  1  1 
R2  0  1  0  0  1  0  0  0  1  0  0  0  0  0  0  0 
R3  1  1  0  0  0  1  0  0  0  0  0  0  0  0  0  0 
T1  1  1  1  0  0  0  1  1  1  1  1  1  0  1  1  0 

(continued on next page) 
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(continued )  

D1 D2 D3 R1 R2 R3 T1 T2 T3 T4 C1 C2 C3 O1 O2 O3 

T2  0  1  0  0  0  0  0  1  1  1  0  1  0  0  0  0 
T3  0  1  0  0  0  0  0  0  1  1  0  1  0  1  0  0 
T4  0  0  0  0  0  0  0  0  0  1  0  1  0  0  0  0 
C1  0  0  0  0  0  0  0  0  0  0  1  1  0  1  1  0 
C2  0  0  0  0  0  0  0  0  0  0  0  1  0  0  0  0 
C3  0  0  1  1  1  1  1  0  1  1  1  1  1  1  1  1 
O1  0  0  0  0  0  0  0  0  0  0  0  1  0  1  0  0 
O2  1  1  0  0  1  0  0  1  1  1  0  1  0  0  1  0 
O3  0  1  0  0  1  0  0  1  0  1  0  1  0  0  1  1  

Appendix 7. Final reachability matrix   

D1 D2 D3 R1 R2 R3 T1 T2 T3 T4 C1 C2 C3 O1 O2 O3 Driving power 

D1  1  1  0  0  0  0  0  1  1*  1*  0  1*  0  1*  0  0  7 
D2  0  1  0  0  0  0  0  0  0  0  0  1  0  0  0  0  2 
D3  1  1  1  0  0  1  0  1  1  1  0  1  0  1  0  0  9 
R1  1  1  1  1  1  1*  1  1  1  1  1*  1  0  1  1  1  15 
R2  0  1  0  0  1  0  0  0  1  1*  0  1*  0  1*  0  0  6 
R3  1  1  0  0  0  1  0  1*  1*  1*  0  1*  0  1*  0  0  8 
T1  1  1  1  0  1*  1*  1  1  1  1  1  1  0  1  1  0  13 
T2  0  1  0  0  0  0  0  1  1  1  0  1  0  1*  0  0  6 
T3  0  1  0  0  0  0  0  0  1  1  0  1  0  1  0  0  5 
T4  0  0  0  0  0  0  0  0  0  1  0  1  0  0  0  0  2 
C1  1*  1*  0  0  1*  0  0  1*  1*  1*  1  1  0  1  1  0  10 
C2  0  0  0  0  0  0  0  0  0  0  0  1  0  0  0  0  1 
C3  1*  1*  1  1  1  1  1  1*  1  1  1  1  1  1  1  1  16 
O1  0  0  0  0  0  0  0  0  0  0  0  1  0  1  0  0  2 
O2  1  1  0  0  1  0  0  1  1  1  0  1  0  1*  1  0  9 
O3  1*  1  0  0  1  0  0  1  1*  1  0  1  0  1*  1  1  10 
Dependence power  9  13  4  2  7  5  3  10  12  13  4  16  1  13  6  3   
* Represents transitivity. 

Appendix 8. Partitioning of the reachability matrix into levels  

Barrier Reachability set (RS) Antecedent set (AS) RS∩AS Level 

Iteration 1     
D1 D1, D2, T2, T3, T4, C2, O1 D1, D3, R1, R3, T1, C1, C3, O2, O3 D1  
D2 D2, C2 D1, D2, D3, R1, R2, R3, T1, T2, T3, C1, C3, O2, O3 D2  
D3 D1, D2, D3, R3, T2, T3, T4, C2, O1 D3, R1, T1, C3 D3  
R1 D1, D2, D3, R1, R2, R3, T1, T2, T3, T4, C1, C2, O1, O2, O3 R1, C3 R1  
R2 D2, R2, T3, T4, C2, O1 R1, R2, T1, C1, C3, O2, O3 R2  
R3 D1, D2, R3, T2, T3, T4, C2, O1 D3, R1, R3, T1, C3 R3  
T1 D1, D2, D3, R2, R3, T1, T2, T3, T4, C1, C2, O1, O2 R1, T1, C3 T1  
T2 D2, T2, T3, T4, C2, O1 D1, D3, R1, R3, T1, T2, C1, C3, O2, O3 T2  
T3 D2, T3, T4, C2, O1 D1, D3, R1, R2, R3, T1, T2, T3, C1, C3, O2, O3 T3  
T4 T4, C2 D1, D3, R1, R2, R3, T1, T2, T3, T4, C1, C3, O2, O3 T4  
C1 D1, D2, R2, T2, T3, T4, C1, C2, O1, O2 R1, T1, C1, C3 C1  
C2 C2 D1, D2, D3, R1, R2, R3, T1, T2, T3, T4, C1, C2, C3, O1, O2, O3 C2 I 
C3 D1, D2, D3, R1, R2, R3, T1, T2, T3, T4, C1, C2, C3, O1, O2, O3 C3 C3  
O1 C2, O1 D1, D3, R1, R2, R3, T1, T2, T3, C1, C3, O1, O2, O3 O1  
O2 D1, D2, R2, T2, T3, T4, C2, O1, O2 R1, T1, C1, C3, O2, O3 O2  
O3 D1, D2, R2, T2, T3, T4, C2, O1, O2, O3 R1, C3, O3 O3  
Iteration 2     
D1 D1, D2, T2, T3, T4, O1 D1, D3, R1, R3, T1, C1, C3, O2, O3 D1  
D2 D2 D1, D2, D3, R1, R2, R3, T1, T2, T3, C1, C3, O2, O3 D2 II 
D3 D1, D2, D3, R3, T2, T3, T4, O1 D3, R1, T1, C3 D3  
R1 D1, D2, D3, R1, R2, R3, T1, T2, T3, T4, C1, O1, O2, O3 R1, C3 R1  
R2 D2, R2, T3, T4, O1 R1, R2, T1, C1, C3, O2, O3 R2  
R3 D1, D2, R3, T2, T3, T4, O1 D3, R1, R3, T1, C3 R3  
T1 D1, D2, D3, R2, R3, T1, T2, T3, T4, C1, O1, O2 R1, T1, C3 T1  
T2 D2, T2, T3, T4, O1 D1, D3, R1, R3, T1, T2, C1, C3, O2, O3 T2  
T3 D2, T3, T4, O1 D1, D3, R1, R2, R3, T1, T2, T3, C1, C3, O2, O3 T3  
T4 T4 D1, D3, R1, R2, R3, T1, T2, T3, T4, C1, C3, O2, O3 T4 II 
C1 D1, D2, R2, T2, T3, T4, C1, O1, O2 R1, T1, C1, C3 C1  
C3 D1, D2, D3, R1, R2, R3, T1, T2, T3, T4, C1, C3, O1, O2, O3 C3 C3  
O1 O1 D1, D3, R1, R2, R3, T1, T2, T3, C1, C3, O1, O2, O3 O1 II 
O2 D1, D2, R2, T2, T3, T4, O1, O2 R1, T1, C1, C3, O2, O3 O2  
O3 D1, D2, R2, T2, T3, T4, O1, O2, O3 R1, C3, O3 O3  
Iteration 3     
D1 D1, T2, T3 D1, D3, R1, R3, T1, C1, C3, O2, O3 D1  

(continued on next page) 
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(continued ) 

Barrier Reachability set (RS) Antecedent set (AS) RS∩AS Level 

D3 D1, D3, R3, T2, T3 D3, R1, T1, C3 D3  
R1 D1, D3, R1, R2, R3, T1, T2, T3, C1, O2, O3 R1, C3 R1  
R2 R2, T3 R1, R2, T1, C1, C3, O2, O3 R2  
R3 D1, R3, T2, T3 D3, R1, R3, T1, C3 R3  
T1 D1, D3, R2, R3, T1, T2, T3, C1, O2 R1, T1, C3 T1  
T2 T2, T3 D1, D3, R1, R3, T1, T2, C1, C3, O2, O3 T2  
T3 T3 D1, D3, R1, R2, R3, T1, T2, T3, C1, C3, O2, O3 T3 III 
C1 D1, R2, T2, T3, C1, O2 R1, T1, C1, C3 C1  
C3 D1, D3, R1, R2, R3, T1, T2, T3, C1, C3, O2, O3 C3 C3  
O2 D1, R2, T2, T3, O2 R1, T1, C1, C3, O2, O3 O2  
O3 D1, R2, T2, T3, O2, O3 R1, C3, O3 O3  
Iteration 4     
D1 D1, T2 D1, D3, R1, R3, T1, C1, C3, O2, O3 D1  
D3 D1, D3, R3, T2 D3, R1, T1, C3 D3  
R1 D1, D3, R1, R2, R3, T1, T2, C1, O2, O3 R1, C3 R1  
R2 R2 R1, R2, T1, C1, C3, O2, O3 R2 IV 
R3 D1, R3, T2 D3, R1, R3, T1, C3 R3  
T1 D1, D3, R2, R3, T1, T2, C1, O2 R1, T1, C3 T1  
T2 T2 D1, D3, R1, R3, T1, T2, C1, C3, O2, O3 T2 IV 
C1 D1, R2, T2, C1, O2 R1, T1, C1, C3 C1  
C3 D1, D3, R1, R2, R3, T1, T2, C1, C3, O2, O3 C3 C3  
O2 D1, R2, T2, O2 R1, T1, C1, C3, O2, O3 O2  
O3 D1, R2, T2, O2, O3 R1, C3, O3 O3  
Iteration 5     
D1 D1 D1, D3, R1, R3, T1, C1, C3, O2, O3 D1 V 
D3 D1, D3, R3 D3, R1, T1, C3 D3  
R1 D1, D3, R1, R3, T1, C1, O2, O3 R1, C3 R1  
R3 D1, R3 D3, R1, R3, T1, C3 R3  
T1 D1, D3, R3, T1, C1, O2 R1, T1, C3 T1  
C1 D1, C1, O2 R1, T1, C1, C3 C1  
C3 D1, D3, R1, R3, T1, C1, C3, O2, O3 C3 C3  
O2 D1, O2 R1, T1, C1, C3, O2, O3 O2  
O3 D1, O2, O3 R1, C3, O3 O3  
Iteration 6     
D3 D3, R3 D3, R1, T1, C3 D3  
R1 D3, R1, R3, T1, C1, O2, O3 R1, C3 R1  
R3 R3 D3, R1, R3, T1, C3 R3 VI 
T1 D3, R3, T1, C1, O2 R1, T1, C3 T1  
C1 C1, O2 R1, T1, C1, C3 C1  
C3 D3, R1, R3, T1, C1, C3, O2, O3 C3 C3  
O2 O2 R1, T1, C1, C3, O2, O3 O2 VI 
O3 O2, O3 R1, C3, O3 O3  
Iteration 7     
D3 D3 D3, R1, T1, C3 D3 VII 
R1 D3, R1, T1, C1, O3 R1, C3 R1  
T1 D3, T1, C1 R1, T1, C3 T1  
C1 C1 R1, T1, C1, C3 C1 VII 
C3 D3, R1, T1, C1, C3, O3 C3 C3  
O3 O3 R1, C3, O3 O3 VII 
Iteration 8     
R1 R1, T1 R1, C3 R1  
T1 T1 R1, T1, C3 T1 VIII 
C3 R1, T1, C3 C3 C3  
Iteration 9     
R1 R1 R1, C3 R1 IX 
C3 R1, C3 C3 C3  
Iteration 10     
C3 C3 C3 C3 X  

Appendix 9. Digraph showing links between barriers to BDAC adoption 
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