Role of Institutional Pressures and Resources in the Adoption of Big Data
Analytics powered Artificial Intelligence, Sustainable Manufacturing
Practices and Circular Economy Capabilities

Surajit Bag
Post Graduate School of Engineering Management
University of Johannesburg, South Africa
Email: surajit.oag@gmail.com

Jan Harm Christiaan Pretorius
Post Graduate School of Engineering Management
University of Johannesburg, South Africa
Email: jhcpretorius@uj.ac.za

Shivam Gupta
Department of Information Systems, Supply Chain & Decision Making
NEOMA Business School, 59 Rue Pierre Taittinger, 51100 Reims, France
Email: shivam.gupta@neoma-bs.fr

Yogesh K. Dwivedi (Corresponding Author)
Emerging Markets Research Centre (EMaRC), School of Management, Swansea University,
Bay Campus, Swansea SA1 8EN, UK
Email: y.k.dwivedi@swansea.ac.uk

ABSTRACT

The significance of big data analytics-powered artificial intelligence has grown in recent
years. The literature indicates that big data analytics-powered artificial intelligence has the
ability to enhance supply chain performance, but there is limited research concerning the
reasons for which firms engaging in manufacturing activities adopt big data analytics-
powered artificial intelligence. To address this gap, our study employs institutional theory
and resource-based view theory to elucidate the way in which automotive firms configure
tangible resources and workforce skills to drive technological enablement and improve
sustainable manufacturing practices and furthermore develop circular economy capabilities.
We tested the research hypothesis using primary data collected from 219 automotive and
allied manufacturing companies operating in South Africa. The contribution of this work lies
in the statistical validation of the theoretical framework, which provides insight regarding the
role of institutional pressures on resources and their effects on the adoption of big data

analytics-powered artificial intelligence, and how this affects sustainable manufacturing and



circular economy capabilities under the moderating effects of organizational flexibility and

industry dynamism.

Keywords: Big data; Artificial intelligence; Industry 4.0; Circular economy; Sustainable
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1. Introduction

The business environment is dynamic and necessitates high quality decisions from strategic,
operational and tactical perspectives, for staying competitive in the market (Dubey et al.,
2020). Recently, large-scale data for decision making under fuzzy environments has drawn
attention of industry professionals (Jabbour et al., 2019). However, dependency on data-
driven manufacturing requires the configuration of tangible resources and development of
workforce skills for sustainability and thereby need further research investigation (Dubey et
al., 2019b). External pressures from government agencies including the Department of Trade
and Industry (DTI) act as massive forces in this digital age. They direct firms to align and
operate within the nation’s digital strategy (Dubey et al., 2020). Institutional pressures guide
a firm to operate within social boundaries and most countries have framed their individual
digital strategies to drive digital programs within these social boundaries (Gerrikagoitia et al.,
2019). These digital initiatives set specific goals and performance measures to improve
manufacturing capabilities through innovation-driven production methods in this digital age
(Li, 2018; Liu et al., 2020a). Furthermore, pressures from customers also force suppliers to
adopt digital technologies to configure their resources and capabilities (Ancarani and Di
Mauro, 2018; Dubey et al., 2019b). The literature indicates that institutional pressures have a
positive influence on tangible resources (i.e. infrastructure, resource commitment, and
resource availability) (Cavusoglu et al., 2015; Huang et al., 2016; Wang et al., 2018). The
literature also indicates that institutional pressures have a constructive association with
workforce skills (Mizruchi and Fein, 1999; Bacon and Hoque, 2005; Liang et al., 2007; Boon
et al., 2009).

Resource based view theory explains that various assets are subsets of resources, and the
bundling of resources helps develop capabilities. Some resources are vulnerable to easy
imitation by competitors. Therefore, firms need to make prudent decisions and choose
resources that are difficult for other organizations to copy. There are also complex resources,
such as knowledge gained through practice. Workforce skills can be considered as tacit

resources; these resources are not visible, as they are achieved through learning and practice



(Hart, 1995). In this digital era, knowledge of big data analytics (BDA) and artificial
intelligence (Al) has proven to be a tacit resource, as successful application depends on
workforce skills. These skills mainly include programming and data analytics skills. These
resources can be considered socially complex resources, as they depend on a group of
employees in coordination with a small number of experts who have in-depth knowledge to
explain the entire process to the team. Tangible resources such as big data management
infrastructure, technological resources (Hadoop for data processing, data visualization tools,
and cloud based services) and basic resources (funds) are essential for BDA-AI project
execution (Igbal et al., 2018; Dubey et al., 2019b). Management can influence these
capabilities by hiring experts or altering human resource policies (Molina-Azorin, 2014). In
this study, the authors argue that external driving factors (institutional pressures) force firms
to configure key resources (tangible resources and workforce skills) to develop BDA-AI
capabilities and gain a competitive advantage (low costs, sustainable manufacturing, and
material circularity). It would be interesting to look into the effect of institutional (coercive,
normative, and mimetic) pressures on tangible resources and workforce skills in the adoption
of BDA-AI. Hence,

RQ1: How do firms engaging in manufacturing activities adopt BDA-AI?

The rise in the global population is increasing demand for food, water, and energy and thus
creating stress on natural resources (Del Borghi et al., 2019). The problem is growing due to
non-sustainable production and utilization of resources. The “take-make-dispose” standards
in the linear economy cause stress on natural environment, forcing manufacturers to search
for sustainable alternatives (Julianelli et al., 2020). This problem can be effectively combated
by shifting to a circular economy (CE) (Gao et al., 2020). Sustainable manufacturing
practices (SMP) can drive the CE through the selection of eco-friendly materials for
production and construction (Krolczyk et al., 2019; Ricciotti et al., 2020; Tan et al., 2020).
Data is a key driver in this fourth industrial revolution (14.0) (Dubey et al., 2019a). 14.0
technologies can be leveraged to enhance research and developments related to smart
manufacturing (Hennelly et al., 2020). Large data has proved extremely useful in 14.0 era and
have the ability to unlock CE (Jabbour et al., 2020a). This has been confirmed by Pactwa et
al. (2020) where they indicated that 3R methods are easily enabled by 14.0 technologies.
BDA has been found to improve the cost performance and operational performance of a firm
(Dubey et al., 2019b). BDA and Al have a positive influence on the overall health of
companies (Dubey et al., 2019c; Yasmin et al., 2020). Both CE and big data management has

been discussed widely in disparate literature (Jabbor et al. 2019). One study that is worth



mentioning is the work of Jabbor et al. (2019); where the research team attempted to integrate
the CE (ReSOLVE model) and big data management; which further opened up newer
research opportunities. To advance the literature, the effect of BDA-AIl on SMP and CE
capabilities needs further investigation (Abubakar et al., 2019; Grover et al., 2020; Nishant et
al., 2020). Hence,

RQ2: What is the association between BDA-AI adoption and SMP and CE capabilities?
Organizational flexibility is the ability of organizations to perform their operations in a
volatile business environment (Srinivasan and Swink, 2018). The attributes of organizational
flexibility involve the ability to quickly adjust the structure of the organization and respond to
the changing business environment. This ability also includes changing the organizational
structure without having any negative impact on the quality of products or services.
Organizational flexibility also helps a company adapt quickly to changing business situations
and stay ahead of competitors (Dubey et al., 2019a). BDA and sustainable manufacturing are
dependent on organizational structure (de Sousa Jabbour et al., 2018b). An analysis of the
automotive industry reveals that enhanced organizational performance in dynamic situations
is achieved when managers’ use advanced digital technologies, such as BDA and Al (Bag et
al., 2020b; Dubey et al., 2020). In less dynamic situations, the need for information to make
fast decisions may not be as evident (Melville et al., 2007). The literature indicates that the
use of ICT increases when the dynamics in the business environment increase (Melville et al.,
2007). However, there is limited research available in this area demonstrating the moderating
effect between the adoption of BDA-AI, SMP and CE capabilities. Hence,

RQ3: How do these motivating factors (institutional pressures and resources), affect SMP
and CE capabilities of manufacturing firms under the moderating effect of organizational
flexibility and industry dynamism?

Based on the discussion provided above, the overall objective of this work is to examine how
institutional forces shape tangible resources and skills in the development of BDA-AI and
impact SMP and CE capabilities. The model of Dubey et al. (2019b) has been adapted in our
study to further develop testable hypotheses. The model is practice oriented and has the
ability to sense not only BDA-AI adoption-related problems, but also to address SMP and CE
capability development issues that several organizations are facing at this time due to the
varying degree of institutional forces and resources. The model can be useful to understand
real problems and to help managers and policy makers develop appropriate action plans to
meet their sustainable development targets. This research study attempted to undertake an

empirical survey to gather primary data in South Africa. The data analysis has been done



using the partial least squares structural equation modeling (PLS-SEM) method (Hair et al.,
2011), and lastly conclusions has been drawn.

The rest of the sections are organized as follows: section 2 presents the theoretical
background and research hypotheses, section 3 showcases the research design employed in
this study, section 4 presents the results followed by section 5, which presents the discussion

of the findings, and the final section outlines the conclusion of the study.

2. Theoretical background and hypothesis development

Big data has proven immensely useful in the operations management field, including
forecasting, inventory, finance, sales, logistics and supply chain management, and risk
analysis (Choi et al., 2018; Brinch et al., 2018; De Caigny et al., 2020; Kamble and
Gunasekaran, 2020). The explosion of data has brought new opportunities for cities from
design and management perspectives. The processing of big data combined with Al can

enhance urbanization and sustainability (Igbal et al., 2018; Allam and Dhunny, 2019).

An entrepreneurial orientation drives firms to utilize BDA-AI capabilities to improve
operational performance (Dubey et al., 2020). Al can enable a system to assimilate data and
gain knowledge from such data. The knowledge can be further used to accomplish certain
objectives and jobs (Haenlein and Kaplan, 2019). The adoption of BDA drives Al
applications in production. Sensor technologies and 10T on the shop floor can capture
production-related big data. Remaining work time during production can be estimated with
deep learning using big data (Fang et al., 2019). Big data technologies can be used for
product lifecycle management (Liu et al., 2020Db).

Zhou et al. (2019) indicated that BDA-AI can drive intelligent manufacturing. Al and big
data have proven useful in smart entrepreneurship (Obschonka and Audretsch, 2020). Future
organizations will be shaped by BDA-AI and firms will succeed in these dynamic times by
utilizing Al-based metrics while safeguarding the human component (Sahota and Ashley,
2019). Yablonsky (2019) proposed a framework that companies can use to understand data-
driven human-machine relationships while applying Al at various levels of data-driven
automation maturity.

The bright side of BDA is the ability to provide rich insights for high quality decision making
and to be able to change strategies accordingly in this volatile business environment.
Descriptive data analytics enable the organization to sense the business context and predictive

analytics help it to seize business opportunities (Van Rijmenam et al., 2019). Big data have



the ability to change the supply chain design and the way companies manage the traditional
supply chain (Waller and Fawcett, 2013). BDA-AI will open up sustainability opportunities
in the production domain and enhance CE capabilities (Jabbour et al., 2019; Nobre and
Tavares, 2017; Tseng et al., 2018). The next section presents the theoretical discussion

followed by the testable hypotheses.

2.1. Role of institutional pressures and resources in the adoption of BDA-AI, SMP, and CE
capabilities

Institutional theory works within the resilient dimensions of a social system. It covers the
norms and policies that are set up as authoritative directives for social actions (Scott, 2004).
Institutional theory has been used by previous researchers such as Kondra and Hinings (1998)
for organizational diversity, Kostova et al. (2008) for multinational corporations, Zhu et al.
(2013) in the field of green supply chain management; and Dubey et al. (2019b) for big data
management.

Scott (2005; 2008) and Weerakkody et al. (2009) have discussed progress in institutional
theory; and Powell and Colyvas (2008) further discussed the micro-foundations of
institutional theory. The research team intended to establish that institutional pressures
compel firms to obtain resources and furthermore configure them to aid in the adoption of
BDA-AI (Dubey et al., 2019b).

Resource based view (RBV) theory articulates the relationship between resources,
capabilities, and competitive advantage (Barney, 1996, 2001). The fundamentals of RBV
suggest that firms must configure resources in such a way as to build capabilities to sustain a
competitive advantage (Hart, 1995). On the other hand, they should not allow competitors to
imitate these resources. The basic attributes of the resources are that they need to be valuable
and not easily replicable. The value dimension of resources makes them more complex and
exceptional. Such a set of resources facilitates capability building related to key business
areas (e.g. technology, marketing, distribution, and operations). These capabilities ultimately
determine the competitive advantage position of the firm. It is clear that the lowest unit from
the RBV perspective is that of resources.

Workforce skills fall under the category of tacit resources. These resources are not visible, as
they are achieved through continuous practice and improvements (Hart, 1995). In this digital
era, knowledge of BDA and Al has proven to be a tacit resource, as its application depends
on workforce skills. These skills mainly include programming and data analytics skills. These

resources can be considered to be socially complex resources, as they depend on a group of



employees in coordination with a small number of experts who have in-depth knowledge to
explain the entire process to the team. Tangible resources such as big data management
infrastructure, technological resources (Hadoop for data processing, data visualization tools,
and cloud based services) (Soriano et al., 2012), and basic resources (funds) are essential for
BDA-AI project execution (Igbal et al., 2018; Dubey et al., 2019b). In the current study, the
research team argues that external driving factors (institutional pressures) force firms to
configure key resources (tangible resources and workforce skills) to develop BDA-AI
capabilities and gain a competitive advantage (lowering costs, sustainable manufacturing and
circularity). Ravichandran and Lertwongsatien (2002) worked in similar areas, and drawing
upon RBV, explained that resources are an integral part of information systems and have the
potential to impact firm performance. To summarize, while the effect of external forces has
been drawn from institutional theory and the effect of resources on BDA-AI has been drawn
from the RBV perspective to scrutinize the connections, a key gap exists in the literature.
Literature point out that there are various external forces and resources and there is little
research on their direct effects on BDA or the relationship between BDA-AI and SMP and
CE capabilities. The objective of this study is to contribute to the growing body of big data
and sustainability outcome research by extending the existing theories to fill the gap in the
literature. Research team attempted to integrate and synthesize the BDA-AI, SMP, and CE
literature to create a theoretical model that shows the relationship among institutional
pressures, resources, BDA-AI, SMP, and the CE capabilities. Two moderating variables,
namely organizational flexibility and industry dynamism were added, to examine their effects
on the path “BDA-AIl and SMP” and on the path “BDA-AIl and CE capabilities”. Various
published research works have reflected the integration of institutional theory and RBV
theory (Oliver, 1997; Ferndndez-Alles and Valle-Cabrera, 2006; Auh and Menguc, 2009;
Zhang and Dhaliwal, 2009; Webb et al., 2011; Zheng et al., 2013; Hughes et al., 2017;
Takahashi and Sander, 2017; Dubey et al., 2019b) to develop and explain theoretical models.
This theoretical model is illustrated in Figure 1 and the proposed relationships are discussed

in the remaining part of this section.
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Figure 1. Theoretical model (Source: Adapted from Dubey et al., 2019b)

2.2. Hypothesis development
2.2.1. Institutional pressures and tangible resources

Firms need to take necessary actions after carefully considering the institutional pressures
(Aydiner et al., 2019). There are three main types of institutional pressures: coercive
pressures (CP), normative pressures (NP), and mimetic pressures (MP) (Dubey et al., 2019b).
Pressures from the Government, DTI and other statutory bodies have enforced certain rules
and regulations to protect data for safe usage. Data must be used within the framework of
regulatory norms. Government intervention (such as tax cuts, public education, awareness
creation programs, and pilot schemes), the drafting of suitable 14.0 standards and the creation
of a technology-friendly environment are important for the sustainability of 14.0 projects (Lin
et al., 2018). Furthermore, CP is found to bolster the development of tangible resources such
as 14.0 infrastructure and further support companies with funding for 14.0 initiatives.
Companies need to follow national level policies to acquire tangible resources (data
connectivity, technology, and basic resources) for advanced technological applications

(Dubey et al., 2019b). Therefore,

H1a: Coercive pressure has an affirmative association with tangible resources.



The literature indicates that pressures from suppliers and customers are responsible for
developing certain tangible resources related to 14.0 (Man and Strandhagen, 2017). Suppliers
and customers dealing with focal companies that lack suitable 14.0 infrastructure and other
fundamental resources will not be able to do vertical and horizontal integration, which is an
essential part in the implementation of 14.0 architecture and big data driven platform.
(Telukdarie et al., 2018). Therefore, non-compliant businesses will lose technologically
advanced suppliers and prospective customers, thus creating a disruption in the supply chain
and face serious consequences. Therefore,

H1b: Normative pressures have a positive association with tangible resources.

The literature indicates that competitors practicing BDA-AI and gaining substantial benefits
can also create pressure in the industry to focus on tangible resources related to BDA-AI (Lin
et al., 2018). Competitors with tangible resources to develop BDA-AI capabilities can gain a
competitive advantage and easily outperform other companies in the industry (Lopes de
Sousa Jabbour et al., 2018a). Therefore,

H1c: Mimetic pressures have a positive association with tangible resources.
2.2.2. Institutional pressures and workforce skills

An 14.0 technological launch necessitates particular set of skills (Veile et al., 2019;
Zangiacomi et al., 2020). The main data analytical techniques are statistics, machine learning,
data mining, and optimization (Choi et al. 2018). Workforce skills include technological
skills such as data analytics skills and soft skills (coordination, communication skills) (Wade
and Hulland, 2004; Waller and Fawcett, 2013).

A skill shortage can negatively impact the industry and society (Dhamija and Bag, 2020). The
Skills Development Act 97 of 1998 is a law enacted in South Africa that aims to enhance the
skills and quality of life of the local workforce. It is important for South African firms to
conform to Broad-Based Black Economic Empowerment (BBBEE) - code of good practice
and create a pool of skilled human resources for economic growth. Without a valid BBBEE
score, South African firms cannot do business with local companies or participate in
government tenders. Skills are a key element in the BBBEE score and comprise 25 scoring
points. Companies need to submit a workplace skill plan, annual training plan, and other
statutory training plans to claim points under the skills category and avoid lowering their

BBBEE level. Large companies are supposed to spend six percent of taxable earnings (tax on



skills development) and payroll on training (BEE online). Customers are willing to conduct
business with suppliers with high BBBEE scores; and suppliers are under pressure to
maintain the scores by investing in workforce skills development programs. Coercive
pressures have a noteworthy effect on human skills in the South African context. Therefore,

H2a: Coercive pressures have an affirmative association with workforce skills.

The literature indicates that normative pressures positively influence workforce skills (Dubey
et al., 2019b). As indicated previously, suppliers and customers are willing to do business
with focal companies that have a high level of workforce skills that provide two advantages:
first, high BBBEE scores and second, good quality workmanship that will provide a reason to
stick with such businesses. Companies in South Africa are spending millions of Rands each
year on training programs to upgrade workforce skills and satisfy both suppliers and
customers. Therefore,

H2b: Normative pressures have an affirmative connection with workforce skills.

The literature indicates that mimetic pressures arising from competitor activities can
influence workforce skills (Dubey et al., 2019b). Competitors’ activities pressurize other
firms in the adoption of innovative teaching methods which includes off-site and on-site
training that aims to upgrade workforce skills to help employees adjust to 14.0. It is important
that every firm prepare its workforce according to 14.0 requirements to remain competitive in
the industry (Dhamija and Bag, 2020). Therefore,

H2c: Mimetic pressures have a positive association with workforce skills.

2.2.3. Tangible resources and adoption of big data analytics-powered artificial intelligence

Tangible resources (TR) including internet connection, infrastructure and fundamental
resources are important to implement BDA-AI in the organization (Dubey et al., 2019b).
Since large data is generated from different sources and the formats are different, therefore,
necessary resources are important to manage and process the data for unlocking value (Katal
et al., 2013). TR has a positive association with acceptance of BDA-AI (Dubey et al., 2019b,
Dubey et al., 2020). Therefore,

H3: Tangible resources have an affirmative association with adoption of BDA-AI.

2.2.4. Workforce skills and adoption of big data analytics-powered artificial intelligence



Literature indicated that lack of workforce skills has prevented progress of 14.0 and firms
therefore, need to overcome this barrier to progress in the adoption of digital technologies
(Nam, 2019). The latest proficiency requirements will lead to alterations in work profiles.
Maintenance of cyber-physical systems and programming are some of the skills which are
gaining importance in this digital age. In addition, more emphasis must be given towards
innovativeness and analytical thinking abilities (Jerman et al., 2020). Therefore, firms need to
focus on learning and sharing of knowledge (Tortorella et al., 2020). Training on safety
aspects of workers are important as automated machines/robots working in the shop floor is

relatively new and can cause accidents (Ardanza et al., 2019). Hence,

H4: Workforce skills have an affirmative connection with adoption of BDA-AL.

2.2.5. Adoption of big data analytics-powered artificial intelligence and sustainable

manufacturing

Acrtificial intelligence was introduced in the 1950s, and since then it has witnessed multiple
ups and downs (Baryannis et al., 2019). The 14.0 era has witnessed substantial growth in
computational aspects and an increase in big data accessibility, which has further renewed
interest in the area of Al (Wamba et al., 2015; Baryannis et al., 2019). Al has proven its
effectiveness in managing supply chain risks (Baryannis et al., 2019; Chien et al., 2020).
Expert systems were popular up until 2000, and the rise of smart systems and data mining
began during the 2010s. The building blocks of Al are comprised of: a) structured data; b)
unstructured data, pre-processes; ¢) main processes; d) knowledge base; and e) information

(natural language creation, image creation, and robotics) (Paschen et al., 2019).

Big data and high computing power have made Al more powerful in recent years (Duan et
al., 2019). Al has returned to the business world with more opportunities in this 14.0 era (Lee
et al., 2018; Dwivedi et al., 2019; Hughes et al., 2020; Pillai et al., 2020; Shareef et al., 2021).
Selz (2020) rightfully pointed out that insights generated from the analysis of big data
combined with Al will become the new control system in organizations. Al and machine
learning provide various benefits such as lowering costs, enhancing quality and accelerating
responsiveness (Aykroyd et al., 2019; Kim, 2019; Pettersen, 2019; Lee and Shin, 2020;
Munoko et al., 2020). The pre-requisites for the adoption of Al include proper planning and a
long-term Al vision, senior management support, human resources, technological

infrastructure, customer support, and the right organizational strategy (Kim, 2019).



Big data is characterized by the 7V’s: volume, variety, veracity, value, velocity, visualization,
and variability. Companies face challenges in big data management, which can be overcome
through the application of BDA methods such as descriptive analytics, predictive analytics,
and prescriptive analytics (Sivarajah et al., 2017). Big data is generated from various sources
(web, social media, ERP systems, and cloud platforms) in various formats (text, graphic,
audio, and video clips) (Blazquez and Domenech, 2018). BDA-AI has brought on a digital
revolution in the field of manufacturing (Yadegaridehkordi et al., 2018). The autonomous
decision-making power of machines and distributed cooperation among agents results in a
high level of flexibility on the shop floor (Wang et al., 2016). Therefore,

H5: Adoption of BDA-AI has a positive relationship with SMP.

2.2.6. Adoption of big data analytics-powered artificial intelligence and circular economy

capabilities

The link between CE (regenerate, share, optimize, loop, virtualize, exchange) and big data
(volume, variety, velocity and veracity) can be valuable for a firm (Jabbour et al., 2019). This
relationship between these two concepts has been explained in detail by Jabbour et al. (2019).
For instance, veracity of big data related to environmental impact assessment of inputs for
production can be useful to select suitable sources of raw material that can enhance
regeneration capabilities. Next, variety and velocity of sharing information is essential in
developing robust CE strategies. Veracity also plays an important role in developing

predictive maintenance plan depending on near and real time data.

Velocity, veracity and volume can change the loop’s model in CE system. The characteristic
of virtualize is essential to keep track of changing customer preferences and consumption
patterns. Lastly, a variety of information is essential for replacing old processes with new
processes that can unlock CE (Jabbour et al., 2019). Al has also proven useful in managing
circular supply chain (Dhamija and Bag, 2020). Adoption of 14.0 technologies (big data
analytics-powered Al) has a positive relationship with CE capabilities (Gupta et al., 2019).
This is supported by several studies (Dubey et al., 2020; Carvalho et al., 2018; Lopes de
Sousa Jabbour et al., 2018b; Fisher et al., 2018; Stock et al., 2018; Stock and Seliger, 2016;
Theorin et al., 2017). Data driven recycling, reducing, and reusing solutions in manufacturing
are key components for achieving circularity capabilities (Tseng et al., 2018). Advanced 14.0
technologies can improve the application of CE by unlocking the circularity of resources in

the system (Lopes de Sousa Jabbour et al., 2018a). Al, service, and policy frameworks are



found to be strong enablers that can integrate 14.0 and CE (Rajput and Singh, 2019).
Nascimento et al. (2019) also demonstrated that 14.0 technologies involving big data and Al
support CE practices. Therefore,

H6: Adoption of BDA-AI has a positive relationship with CE capabilities.

2.2.7. Sustainable manufacturing practices and circular economy capabilities

SMP is found to guide CE capabilities (Zeng et al., 2017). SM can be achieved in three ways.
The first method is the use of environmentally-friendly materials to make goods that can be
re-circulated in the system at the end of their useful life (Ferasso et al., 2020). The second
method is the use of advanced technology to enhance process efficiency and reduce waste by
eliminating defects in the production process. The third method is the use of pollution free
technologies to reduce harmful effects in the factory and its surroundings (Zeng et al., 2017).
SMP helps to develop CE capabilities by adopting methods like recover, recycle, repurpose,
remanufacture, refurbish, repair, re-use, reduce, rethink, and refuse (Morseletto, 2020; Bag et
al., 2021). Therefore,

H7: SMP have a positive association with CE capabilities.
2.2.8. Moderating effect of organizational flexibility

Organizational flexibility is the ability of organizations to run their business in a volatile
business environment (Srinivasan and Swink, 2018). The attributes of organizational
flexibility involve the ability to quickly adjust organizational structures and respond to
changing business environments. This ability also includes modifying the organizational
structure without there being any negative effects on the quality of products or services.
Organizational flexibility also helps firms adapt more easily to changing business situations
and stay ahead of competitors (Dubey et al., 2019a). BDA and SMP are dependent on
management factors such as organizational structure (Soriano, 2010; Lopes de Sousa Jabbour
et al., 2018b). Therefore, the greater the organizational flexibility, the greater the adoption of
BDA-AI and enhanced SMP. Based on the preceding discussion, we argue that the enabling
effects of the adoption of BDA-AI and SMP are positively moderated by organizational
flexibility. Therefore,

H8a: The higher (or lower) the level of organizational flexibility, the higher (or lower) the
enabling effects of BDA-AI on SMP.



Successful adoption of BDA-Al and CE capabilities is dependent on organizational
flexibility, as the ability of organizations to change their structure and processes quickly can
contribute to the successful application of advanced technologies to enhance CE capabilities
(Garcia-Muifa et al., 2018; Bag and Pretorius, 2020). Based on the preceding discussion, we
argue that the enabling effects of the adoption of BDA-AI and CE capabilities are positively
moderated by organizational flexibility. Therefore,

H8b: The higher (or lower) the level of organizational flexibility, the higher (or lower) the
enabling effects of BDA-AI on CE capabilities.

2.2.9. Moderating effect of industry dynamism

Industry dynamism arises due to constant changes in technological, socio-political, and
environmental aspects in the region in which the business operates (Melville et al., 2007).
Industry dynamism is difficult to forecast and this ambiguity makes it difficult for managers
to make decisions. During turbulent situations, managers need to make quick decisions
(Melville et al., 2007) to prevent products or services from becoming obsolete (Dubey et al.,
2020). In a dynamic business environment, the preferences of customers change and are
further reflected in purchasing behavior. Organizations need to adopt new operating
processes and technologies and continuously put new products and innovative services on the
market (Dubey et al., 2019a). Today’s customers are more inclined to purchase green
products that are environment friendly (Ali et al., 2019). Therefore, organizations turn to
sustainable manufacturing with the aim of achieving sustainable development goals (SDG)
(Bag and Pretorius, 2020). The literature indicates that 14.0 can enable SMP and CE
capabilities (Lopes de Sousa Jabbour et al., 2018b; Bag et al., 2021). An analysis of the
automotive industry reveals that enhanced organizational performance in dynamic situations
is achieved when managers’ use advanced ICT such as BDA and Al (Bag et al., 2020b;
Dubey et al., 2020). In less dynamic situations, the need for information to make fast
decisions may not be as evident (Melville et al., 2007). The literature indicates that the use of
ICT increases as the dynamics in the business environment increase (Melville et al., 2007).
We argue that in a dynamic business environment, organizations need more information to
configure resources for SMP. Therefore, BDA-powered Al is activated at a higher level when

the business environment is more dynamic. Therefore,
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H9a: The higher (or lower) the level of industry dynamism, the higher (or lower) the enabling
effects of BDA-AI on SMP.

Similarly, we also argue that in a dynamic business environment, organizations need more
information to configure resources and develop capabilities for the CE. Therefore, BDA-
powered Al is activated on a higher level when the business environment is more dynamic.
The enabling effects of BDA-powered Al and CE capabilities are found to be positively
moderated by industry dynamism. Thus,

H9b: The higher (or lower) the level of industry dynamism, the higher (or lower) the enabling
effects of BDA-AI on CE capabilities.

3. Research methods
3.1. Sampling strategy

The research team selected 219 companies from the database of the National Association of
Automotive Component and Allied Manufacturers (NAACAM) and the National Association
of Automobile Manufacturers in South Africa (NAAMSA) and e-mails were sent to two
potential respondents working in managerial role from each company. South Africa is an
emerging economy and there has been a great deal of activity related to BDA-AI
technological applications recently in the automotive sector. Automotive and related
component manufacturing accounted for 33 percent of this country’s production output in
2016. This sector also contributed to approximately 7.4% of GDP and is considered an

important sector for economic growth. It is therefore suitable for this research study.
3.2. Instrument development

The instrument was developed based on a five-point Likert scale design. A multiple-item, 5-
point Likert-type scale (1=“Strongly Disagree”; 2=“Disagree”; 3=“Neutral”; 4="“Agree”;
5=“Strongly Agree”) was used. This type of 5-point scale is common and has been used by
researchers in the past (e.g. Dwivedi et al., 2013; Kapoor et al., 2014; Shareef et al., 2016;
2017; Sharma and Sharma, 2019; Bag et al., 2020ab) in business management research. The
scale used in this study was adapted from previous research studies. Constructs such as
coercive pressures (three items), normative pressures (two items), and mimetic pressures (two
items) were considered based on the work of Zeng et al. (2017). Tangible resources (eight

items) and workforce skills (seven items) were considered based on the work of Dubey et al.



(2019b). Adoption of big data analytics-powered Al was considered based on the work of
Carvalho et al. (2018) and Dubey et al. (2020) and consists of ten items. Sustainable
manufacturing (eight items) and circular economy capabilities (ten items) were considered
based on the work of Zeng et al. (2017). There were two moderating variables: organizational
flexibility (five items) adapted from the study of Srinivasan and Swink (2018) and Dubey et
al. (2019a) and industry dynamism (four items) adapted from the study of Dubey et al.
(2020). The details are presented in Table A.1. A pilot survey was done among forty
executives from the automotive sector and the questionnaire wording related to institutional
pressures and circular economy capabilities was modified based on the feedback received

from them, but no items were eliminated from the questionnaire.

3.3. Data collection

The data was collected in two phases. The initial online survey participation request was
sent in early 2020 and the research team did follow-up after three weeks. The research team
received 57 completed responses before the reminder was sent. After the reminder was sent,
the research team received 162 completed questionnaires. No half-filled questionnaires were
returned, as the electronic system did not allow for incomplete submissions. The rate of
response in this study was approximately 51%, which is acceptable in empirical research
studies in the field of business management. The characteristics of the respondents are
presented in Table 1. The findings show that the maximum number of responses was
received from senior managers. The findings also indicate that the majority of responses
were received from people with more than 20 years of experience in the automotive
industry. Moreover, the bulk of reply were received from people associated with
organizations that have been operating in South Africa for over 20 years and with turnover
of more than 50 million ZAR. Therefore, we are confident that the data quality is good and

suitable for this study.

Table. 1
Summary of respondents
. Number of Participants
Details Category Participants (%)
Desianation General Manager 34 0.16
g Senior Manager 110 0.50




Manager 35 0.16

Junior Manager 40 0.18
e ) Above 20 136 0,.62
Xperience 10 to 20 79 0.36
(YYears)

Below 10 4 0,02

OEMSs’ catering
to vehicle 110 0.50

assembly plants

Manufacturers
and dealers of OE 65 0.30

and accessories

Nature of

Manufacturers of

Business | yepjacement items 26 0.12

Activities
Manufacturers of
allied products 8 0.04
Dealers of
associated/support 10 0.05
items
>20 75 0.34
Age of the 1510 20 78 0.36
Firm 10to 14 47 0.21
(Years) 5t09 15 0.07
Below 5 4 0.02
Annual < R10 million 0 0.00
Turnover <R50 million 87 0.40
(ZAR) >R50 million 132 0.60

3.4. Non-response bias test

The primary data was received in two phases. The early wave (57 responses) and the late
wave (162 responses) were compared using Levene’s test to check for non-response bias

(Armstrong and Overton, 1977).

The research team tested to see if the distribution of the variables differed based on these

waves. SPSS software was used to compare means and perform the analysis by selecting one-



way ANOVA and then run a “homogeneity of variance” test. The wave was the factoring
variable and the research team wanted the results (p value) to be non-significant. If the p
value was below 0.05, research team could reject the null hypothesis and conclude that there
was no equality of variance. If they were non-significant, it meant they were not different.
The research team found that none of the values were significant, which means there was no
difference between the waves. Therefore, Leven’s test established the equality of variances in
the samples (homogeneity of variance) (p > 0.5 as shown in Table 2) (Martin and Bridgmon,
2012).

Table. 2
Levene Statistic
Levene dfl df2 Sig.
Statistic
CP 3.450 1 217 .065
NP 1.865 1 217 173
MP .096 1 217 .758
TR 3.186 1 217 .076
WS 6.189 1 217 .014
BDAI 2.153 1 217 144
SMP 4,226 1 217 .041
CEC .993 1 217 .320
ORF 939 1 217 334
IND .970 1 217 376

4. Results
To test the hypotheses, the research team used PLS-SEM based WarpPLS version 6.0

software.
4.1. Measurement model

The measurement model was assessed before the research team examined the results of the
WarpPLS. APC, ARS and AARS were statistically significant and there was no problem
with the model. AVIF and AFVIF values were within the acceptable range (see Table 3).
High AVIF and AFVIF values are not desirable and high values can occur if various latent

variables with similar meanings are involved in the same model measuring the same



underlying construct. The Tenenhaus goodness-of-fit value shows a large fit and suggests

that the explanatory power of the model is high (Kock, 2012).

Table. 3

Model fit and quality indices parameters
Model fit and quality indices Values (Source: WarpPLS output)
Average path coefficient (APC) 0.198
Average R-squared (ARS) 0.118
Average adjusted R-squared
(AARS) 0.106
Average block VIF (AVIF) 1.315
Average full collinearity VIF
(AFVIF) 2.766
Tenenhaus GoF (GoF) 0.250

To check the presence of any endogeneity problems, the research team checked SPR, RSCR,
SSR, and NLBCDR as per the guidelines of Kock (2015) and found them to be within
acceptable limits. The SPR was 0.800 (acceptable if > 0.7, ideally = 1), which indicates the
absence of Sympson's paradox in the model. The RSCR was found to be 0.793 (acceptable if
> 0.9, ideally = 1). The SSR should be greater than or equal to 0.7 and the results indicate a
value of 0.933, i.e. that ninety three percent of the paths in the model are free from statistical
suppression. Finally, the NLBCDR value was checked and found to be 0.933, which indicates
that in at least ninety three percent of path-related instances in a model, the support for the

reversed hypothesized direction of causality is weak or low (see Table 4).

Table. 4
Causality assessment indices
. - Values (Threshold Values if any) (Source:
Causality assessment indices WarpPLS output)
Sympson's paradox ratio (SPR) 0.800
R-squared contribution ratio (RSCR) 0.793
Statistical suppression ratio (SSR) 0.933
Nonlinear bivariate causality direction
ratio (NLBCDR) 0.933




4.2. Common method bias test

The results show that full collinearity VIFs are 3.3 or lower, which proves the existence of no

multicollinearity in the model. This indicates the absence of common method bias (Kock and

Lynn, 2012). The results for factor loadings show that the values are more than 0.50 and

within acceptable limits (Hair et al., 1998). Scale composite reliability was found to be above

0.70 and acceptable. The AVEs were found to be above 0.50 and satisfy the discriminant

validity criteria (Fornell and Larcker, 1981; Nunnally and Bernstein, 1994). The research

team also checked the correlations among latent variables with respect to square roots of

AVEs (see Table 5) to satisfy the discriminant validity criteria, i.e. all the square roots of

AVEs are greater than the correlation values for that particular latent variable (Fornell and

Larcker, 1981). The values present on the diagonal in brackets are greater than any other

values present above or below those values in the same column.

Table. 5

Discriminant validity check

BDA
CP |NP| MP | TR | WS | SM | CEC | ORF | IND
CP | (0.846)
(0.8
NP | 0.436 | 49)
0.26
MP | 0270 | 4 | (0.815)
0.16 (0.68
TR | 0103 | 2 | 0121 | 9)
0.29 0.11
WS | 0202 | 4 | 0054 | 7 | (0.448)
BD 0.23 0.27 (0.63
Al | 0242 | 9 | 0035 | 2 | 0258 | 9)
0.01 0.30 (0.749
sM | -0001 | 1 | 0017 | 7 | -0.005|0.238| )
CE 0.64 0.24 (0.601
C | 0818 | 0 | 0592 | 9 | 0426 |0.329| 0.043 | )
OR 0.06 0.07 (1.00
F | 0135 | 8 | 0099 | 6 | -0025 |0.051| 0.099 | -0.090 | 0)
0.02 0.00 (0.74
IND | -0096 | 4 | -0074 | 7 | 0014 |0.020 | 0.072 | -0.072 | 0.372| 2)

The findings from the examination of the hypotheses are presented in Figure 2. The findings

indicate a value of 18% for explaining CE capabilities. The path coefficient (beta




coefficient) values and their corresponding p values are presented in figure 2. The outcome

of the hypothesis examination demonstrate that there is a positive association between CP

—TR (=0.21); CP —WS ($=0.13); NP WS (B=0.12); MP —TR (p=0.14); TR —BDA-
Al (B=0.35); WS —BDA-Al ($=0.17); BDA-Al —SMP (B=0.44); BDA-Al —CEC
(p=0.52) and SMP —CEC (p=0.14). The moderating effect of organizational flexibility

(B=0.14) and industry dynamism (p=0.13) on the path BDA-AI—CEC is supported. The

cut-off value for determining statistical significance is considered to be 5% as per previous
research studies (Bag, 2020 a,b) performed in the business management field. All
hypotheses except 1b, 2c, 8a, and 9a were supported. The research team also considered the
effect of control variables such as company size and age, which were found to be non-
significant.

The R? value of the endogenous construct was checked and the value was found to be fairly
strong (18%) (Chin, 1998). The research team further checked the f2 values for CEC and they
were higher than the threshold value of 0.00 (Dubey et al., 2020).

Stone-Geiser’s value of Q* was finally checked to estimate the explanatory power of the
endogenous constructs. The Q? values were as follows: for TR (0.072), for WS (0.210), for
BDA-AI (0.178), for SMP (0.194), and for CEC (0.230). All these Q2 values were found to
be higher than 0.00 and the predictability of the model is therefore acceptable.
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Figure 2. Model after SEM (WarpPLS result)

5. Discussion

The path “coercive pressures and tangible resources” showed a significant relationship. The
path “mimetic pressures and tangible resources” showed a significant relationship. However,
the effect of coercive pressures on tangible resources was found to be greater than that of
mimetic pressures. The path “coercive pressures and workforce skills” showed a positive
relationship. The path “normative pressures and workforce skills” showed a positive
relationship. However, the effect of coercive pressures on workforce skills was found to be
greater than that of normative pressures. The path “tangible resources and BDA-AI” showed
a positive association. The path “workforce skills and BDA-AI” showed a positive
association. However, the effect of tangible resources on BDA-AI was found to be very

strong compared to the effect of workforce skills on BDA-AL.

Dubey et al. (2019b) performed a study in which they tested the effect of coercive pressures,
normative pressures, and mimetic pressures on tangible resources and human skills. Their
research findings showed that coercive pressures do not have a significant effect on human
skills. However, our research findings show that coercive pressures have a significant effect
on human skills and these coercive pressures were found to be the strongest institutional

driver in the South African context. Skill shortages in South Africa have forced the



government to implement instruments such as BBBEE to create a pool of skilled human
resources for the growth of the economy. Without a valid BBBEE score, South African firms
cannot do business with local private or public companies. Therefore, every firm is pressured
to invest in skill development training every year. Our results show that normative pressures
do not have a significant effect on tangible resources and mimetic pressures do not have a
significant effect on workforce skills. However, both of these hypotheses were supported in
the study by Dubey et al. (2019b), which was conducted in Indian industries. The reason may
be due to coercive pressures that already impact resources by preventing businesses from
engaging in any kind of unfair usage of resources. Also, coercive pressures have an impact on
workforce skills, and every company in South Africa is focusing on this area due to the fear
of losing business due to a low BBBEE score. We therefore think that mimetic pressures on
workforce skills are not having an impact in this case.

The path “BDA-Al and SMP” was found to be significant. The path “BDA-AIl and CE
capabilities” was found to be significant. However, the effect of BDA-AI on CE capabilities
was found to be stronger compared to the effect of BDA-AI on SMP.

Finally, the path “SMP and CE capabilities” was found to be significant.

The adoption of Industry 4.0 technologies has a positive association with CE capabilities.
This is supported by several studies (e.g. Carvalho et al., 2018; Lopes de Sousa Jabbour et
al., 2018b; Dubey et al., 2019c; Fisher et al., 2018; Gupta et al., 2019; Stock et al., 2018;
Stock and Seliger, 2016; Theorin et al., 2017). However, our study has extended the
knowledge base by using selective 14.0 technology (BDA-AI) and further extended the work
of Dubey et al. (2019b).

Another interesting finding which emerged from our study was that the enabling effect of
BDA-AI and CE capabilities is positively moderated by organizational flexibility and
industry dynamism. This is supported by past studies such as those by Srinivasan and Swink
(2018) and Dubey et al. (2019a). However, our findings did not show any positive
moderating effect either of these variables on the path “BDA-Al and SMP”.

5.1. Theoretical contributions

Institutional pressures have a very important role in South Africa in terms of digital
technology adoption and sustainability practices. Our study suggests that institutional
pressures are guiding automotive and allied component manufacturing firms to work within
social boundaries by creating a balance between key assets such as human capital and

resources to further enable digital technological adoption. Coercive pressures are very strong



in South Africa, followed by mimetic pressures, which means that competition is very fierce
in the South African marketplace. Normative pressures are fairly strong in this country when
it comes to the effect on tangible resources and workforce skills. These mechanisms can be
successfully explained with the help of institutional theory. Furthermore, another element that
had a strong impact in our theoretical model is resources as explained using the popular RBV
theory. The key resources for BDA-AI adoption are first tangible resources and second
workforce skills. This study offers a better picture of institutional pressures and resources that
are essential for the adoption of BDA-Al in South African automotive and allied
manufacturing firms. One of the key contributions of this study points towards the CE, and
we therefore looked into the competitive CE literature and compared our findings with some

of the notable studies in the field of CE, as presented below.

Jabbour and Santos (2008 a,b) highlighted the importance of human resources in developing
sustainable businesses. Our findings highlight that workforce (human) skills are positively
associated with BDA-AI adoption and further it is positively associated with CE capabilities
which is a new link that we have established in our study.

In addition, Jabbour et al. (2020c) indicated that big data can be useful to enhance sustainable
supply chains. Our study however highlighted that BDA-AI adoption is positively associated
with sustainable manufacturing which is also a new link that we have established in this
study.

Jabbour et al. (2020b) conducted research in the emerging economy of Brazil and found that
the regulatory mechanisms are different compared to other countries. Their study found that
stakeholders influence CE adoption and further CE adoption enhances sustainability
performance. Our study was also conducted in an emerging economy. However, our results
indicate that institutional forces influence resources for BDA-AI adoption which further
influence SMP, and CE capabilities. These are also new links that we have established in our

study.

The impact of CE business models on operations management was investigated by Lopes de
Sousa Jabbour et al. (2019). The ReSOLVE model was combined with big data to provide an
integrated framework. This framework provides the managers with the ability to anticipate
the need to develop CE-related capabilities. Another study by Jabbour et al. (2019) proposed
an integrative framework to improve the knowledge of large scale data-CE nexus. The
framework focused on relationships that can be important for firm’s stakeholders and further

proposed twelve research propositions. The contribution of the study of Jabbour et al. (2019)



lies in the design of integrative framework relating- the main stakeholders (supplier, customer
and manufacturer) of CE, the ReSOLVE model and the four Vs of big data management
which was indeed a novel contribution to the CE literature. The study of Jabbour et al. (2019)
is related to stakeholders; however, we have supported our study with institutional theory and
RBV theory. The study of Jabbour et al. (2019) considered big data; however, we have
considered big data analytics powered artificial intelligence construct in our study which is a
very powerful element in this digital era. Compared to the competitive CE literature, our
study contributes to the CE literature by establishing that institutional pressures play a key
role in configuring tangible resources and workforce skills for adopting BDA-AI, and further

sustainable manufacturing practices is necessary to develop CE capabilities.
5.2. Managerial implications
The key takeaway points are as follows:

Focus on tangible resources: Both regulatory pressures and competitors are forcing
automotive and allied product manufacturing companies in South Africa to acquire key
resources and configure tangible resources. The South African Government is putting
pressure on these firms through “BBBEE” and the “Skills Development Act” to improve
workforce skills. In addition, suppliers and customers are forcing this sector to upgrade
workforce skills to prevent a drop in BBBEE scores. Managers must focus on tangible
resources such as BDA-AI infrastructure, digital platform, technologies, and basic resources

to execute BDA and Al projects.

Focus on workforce skills: It is also essential that managers focus on developing workforce
skills through proper training programs to keep them abreast of the latest BDA-AI
programming techniques. Since BDA-AIl plays a key role in enhancing sustainable
manufacturing practices and building CE capabilities, managers need to put more emphasis
on this area. They need to make the necessary arrangements and adopt benchmark practices
to contribute to economic growth in South Africa. Although SMP have gained popularity in
South Africa, more focus is still needed on building CE capabilities by adopting CE

strategies.

Focus on adoption of BDA-Al to enhance SMP and CE capabilities: Sustainable
manufacturing aims to select special materials to build products using special tools and clean

production methods. Renewable energy sources such as solar or wind energy should be used



in SMP. Environmentally-friendly designs must become more important and environmental
factors need to be considered when selecting business partners. More attention must be given
to innovative approaches to find recycling solutions.

CE uses 3R methods such as reduce, reuse, and recycle in which reverse logistics and the
supply chain network design play a very important role. Supply chain disruptions may cause
production losses, financial issues, or relationship issues with customers.

Many firms are still following decades old practices of cutting costs and minimizing raw
material stock levels as well as eliminating flexibility during such processes, which can make
the firm more vulnerable in the CE. 14.0 technologies have proved to be a boon in the field of
operations management by providing firms with enhanced visibility and resilience. BDA-AI
technologies are able to gather voluminous data generated from various sources and help
machines make autonomous decisions, thus bringing greater flexibility to the manufacturing
process and enhancing circularity capabilities. There will be less chance of disruption in the
supply network and enhanced collaboration and agility in the supply chain. Institutional
pressures are forcing companies to upgrade worker skills and also cover data privacy and
security aspects, which directly contributes to the adoption of BDA-AL.

However, the maintenance of BDA-AI applications requires constant review and intervention
by senior management in order to use advanced analytical and data visualization methods for
better decision making. BDA-AI adoption can offer advantages to manufacturers involved in
CE by providing more recycling options and thus enhancing the life cycle of resources,

lowering waste and quickly adjusting to more efficient processes.
5.3. Limitations and future research directions

This study was conducted in the emerging economy of South Africa, where digitalisation is at
a nascent stage. The social conditions where the automotive and allied sectors operate in
South Africa are different from any other country. Therefore, the nature of institutional
pressures is different here compared to any other emerging economy such as China, India, or
Brazil. Furthermore, the skill level in South Africa is low and the Government of South
Africa has undertaken various initiatives to upgrade these skills to prepare for digitalisation.
The scenario may be different in other countries and we therefore caution future researchers
that the findings must be interpreted in light of the abovementioned limitations. The model
can be tested further in a country where coercive pressures are strong, to further generalize
the results. Our study acts as a stepping stone towards 14.0 (big data-powered Al)

technological application, sustainable manufacturing and circular economy.



6. Conclusion

This study is a novel attempt to scrutinize the effect of institutional pressures on tangible
resources and workforce skills for BDA-AI adoption and to understand the impact of BDA-
Al adoption on SMP and CE capabilities. The research findings show the unique pathways
such as the positive relationship between BDA-AI adoption and SMP and CE capabilities.
The study considered samples from automotive component and allied product manufacturers
in South Africa. This is the only sector that has progressed significantly in terms of
digitalisation compared to other sectors. Moreover, this sector is seriously considering
environmental and social aspects when making manufacturing-related decisions. This is all
possible due to the cooperation of the Government, suppliers, and customers acting together
to meet SDG. The digital process is essential to further advance circularity capabilities.
Although South Africa has implemented digital goals and South African Universities such as
University of Johannesburg and the DTI are helping local businesses set up feasible digital
models, more momentum is required from internal organizational leaders to meet project
deadlines.

The findings indicate that coercive pressures and mimetic pressures are positively associated
with tangible resources. Furthermore, coercive pressures and normative pressures indicate a
positive association with workforce skills. Tangible resources and workforce skills indicate a
positive association with BDA-AI adoption. BDA-AI adoption was found to have a positive
association with SMP and CE capabilities and finally, SMP were found to have a positive
association with CE capabilities. Another interesting finding that emerged from our study
was that the enabling effect of BDA-AI and CE capabilities is positively moderated by
organizational flexibility and industry dynamism. Our study provides theoretically-guided
information for managers to enhance BDA-AI adoption and further improve SMP and CE

capabilities.

Appendix
Table A.1: Operationalisation of constructs

Constructs Code Items Adapted from

: Laws and regulations have provided direction
Coercive Pressures

(CP)

manufacturing

CP1 on safeguarding environment and cleaner Zeng et al. (2017)




Government impose penalty on environmental

CP2
damage and resource wastages
The pollution control department continuously
CP3 monitors the environmental pollution level of
firms
Customers highly respect the management
. NP1 considerations adopted by suppliers related to
Normative the society and environment
Pressures (NP) . — -
Strong social responsibility are appreciated by
NP2 :
customers and attract collaborations
MP1 Corporate management promote cleaner
o manufacturing and sustainability
Mimetic Pressures ; :
(MP) Companies follow the laws and regulations of
MP2 safeguarding surroundings during
manufacturing operations
Company have the right of use to large data
FP1 sets
Company have the ability to perform
integration of large data arising from internal
FP2 sources
Company have the ability to perform
integration of large data arising from external
FP3 sources
Tangible Resources Company use Hadoop for processing large Dubey et al.
(TR) FP4 data sets (2019b)
Company use data visualization tools to gain
FP5 insight from large data sets
Company use cloud-based services for
FP6 management of large data sets
Company have budgeted funds for BDA-AI
FP7 project execution
We have set realistic timeline to achieve
FP8 desired results from BDA-AI
We offer BDA-AI related training to our
WS1 employees
We recruit new employees who have good
WS?2 exposure to BDA-AI
Workforce Skills W3 Our BDfA”staff has the right skills to do the job Dubey et al.
WS4 Our BDA staff has the right education
Our BDA staff holds suitable years of
WS5 | experience in big data environment

WS6

Our BDA managers have strong understanding
of business




WS7

Our BDA managers are able to coordinate
effectively with all supply chain actors

Adoption of Big
data analytics
powered by Al
(BDA-AI)

BDAI1

BDA-AI is used in the company for enhancing
decision making power

BDAI2

Using BDA-AI our company can easily
integrate information from different data
sources

BDAI3

We routinely use data visualization techniques
to assist users or decision makers to understand
complex information

BDAI4

Our dashboards give us the ability to
decompose information to help root cause
analysis and focus on continuous improvement

BDAI5

Longer machine life cycle, decrease in
industrial waste, and faster adaptation towards
more efficient processes by leveraging BDA-
Al

BDAIG6

Company has optimised resource usage and
utilise assets in a better manner by leveraging
BDA-AI

BDAI7

Recycling options has increased by leveraging
BDA-AI

BDAI8

Better adaptation to demand curves, better use
of resources, faster response to energy supply
changes

BDAI9

BDA-AI project is lead by experts and
everyone follow the timelines strictly

BDAI10

BDA-AI project goals and are reviewed
regularly based on the dynamic business
environment

Carvalho et al.
(2018); Dubey et
al. (2020)

Sustainable
Manufacturing
Practices (SMP)

SMP1

Company use alternate source of energy in
manufacturing process

SMP2

Environmentally friendly production
technology and manufacturing processes are
emphasized

SMP3

Company emphasises on environmentally
friendly product design

SMP4

The development and implementation of rules
and regulations in environmental protection are
evaluated when selecting dealers

Zeng et al. (2017)




Company considers its ability to provide

SMP5 | environmentally conscious products and
packaging when selecting dealers
Company sells waste and used materials to
SMP6 other firms
svp7 | Company designs/optimises ways to recycle
waste materials and spare parts
smpg | A waste product recycling, classification, and
processing centre is established
CEC1 Company is dedicated to reducing the unit
product manual input
cec2 | Company is dedicated to reducing the
consumption of raw materials and energy
cec3 | Company initiatively enhances the energy
efficiency of production equipment
Product packaging materials are used
CECA repeatedly
Circular Economy Equipment cleaning materials are used
o CEC5
Capabilities (CEC) repeatedly Zeng et al. (2017)
Ccece | Leftover material is used repeatedly to
manufacture other products
Waste produced in the manufacturing process
CEC7 |.
is recycled
CEC8 | Waste products from consumers is recycled
CEC9 | Recycling waste and garbage is reprocessed
CEC1o | Waste and garbage is used after reprocessing
to manufacture new products
Company can speedily change the
ORF1 | organizational structure to respond to changing
business conditions
Company can cost effectively change the
ORF2 | organizational structure to respond to changing
business conditions Srinivasan and
Organizational Company can change the organizational Swink (2018);
Flexibility (ORF) ORF3 | structure without negatively impacting service Dubey et al.
quality (2019a)
ORF4 Current organization structure enables to adapt
to changing business conditions
Our company is more flexible than our
ORF5 | competitors in changing our organizational
structure
Our product and services become outdated
IND1 quickly
Industry Dynamism . . . Dubey et al.
Our organization continuously introduces new
(ID) IND2 ) (2020)
products and services
IND3 | Our organization introduces new operating




processes

IND4 | The customers taste and preferences in our
industry changes fast

References

Abubakar, A.M., Behravesh, E., Rezapouraghdam, H., Yildiz, S.B., 2019. Applying artificial
intelligence technique to predict knowledge hiding behavior. Int. J. Inf. Manage.
https://doi.org/10.1016/j.ijinfomgt.2019.02.006

Auh, S., Menguc, B., 2009. Broadening the scope of the resource-based view in marketing:
The contingency role of institutional factors. Ind. Mark. Manag.
https://doi.org/10.1016/j.indmarman.2008.02.011

Aykroyd, R.G., Leiva, V., Ruggeri, F., 2019. Recent developments of control charts,
identification of big data sources and future trends of current research. Technol.
Forecast. Soc. Change. https://doi.org/10.1016/j.techfore.2019.01.005

Allam, Z., Dhunny, Z.A., 2019. On big data, artificial intelligence and smart cities. Cities.
https://doi.org/10.1016/j.cities.2019.01.032

Armstrong, J.S., Overton, T.S., 1977. Estimating Nonresponse Bias in Mail Surveys. J. Mark.
Res. https://doi.org/10.2307/3150783

Ancarani, A., Di Mauro, C., 2018. Reshoring and industry 4.0: How often do they go
together? IEEE Eng. Manag. Rev. https://doi.org/10.1109/EMR.2018.2833475

Ardanza, A., Moreno, A., Segura, A., de la Cruz, M., Aguinaga, D., 2019. Sustainable and
flexible industrial human machine interfaces to support adaptable applications in the
Industry 4.0 paradigm. Int. J. Prod. Res.
https://doi.org/10.1080/00207543.2019.1572932

Aydiner, A.S., Tatoglu, E., Bayraktar, E., Zaim, S., Delen, D., 2019. Business analytics and
firm performance: The mediating role of business process performance. J. Bus. Res.
https://doi.org/10.1016/j.jbusres.2018.11.028

Bacon, N., Hoque, K., 2005. HRM in the SME sector: Valuable employees and coercive
networks. Int. J. Hum. Resour. Manag. https://doi.org/10.1080/09585190500314706

Bag, S., Gupta, S., Kumar, S., 2021. Industry 4.0 adoption and 10R advance manufacturing
capabilities for sustainable development. Int. J. Prod. Econ.
https://doi.org/10.1016/j.ijpe.2020.107844

Bag, S., Gupta, S., Kumar, S., Sivarajah, U., 2020. Role of technological dimensions of green
supply chain management practices on firm performance. J. Enterp. Inf. Manag.
https://doi.org/10.1108/JEIM-10-2019-0324

Bag, S., Wood, L.C., Mangla, S.K., Luthra, S., 2020. Procurement 4.0 and its implications on
business process performance in a circular economy. Resour. Conserv. Recycl.
https://doi.org/10.1016/j.resconrec.2019.104502

Bag, S., Pretorius, J.H.C., 2020. Relationships between industry 4.0, sustainable
manufacturing and circular economy: proposal of a research framework. Int. J. Organ.
Anal. https://doi.org/10.1108/1JOA-04-2020-2120



https://doi.org/10.1016/j.ijinfomgt.2019.02.006
https://doi.org/10.1016/j.indmarman.2008.02.011
https://doi.org/10.1016/j.techfore.2019.01.005
https://doi.org/10.1016/j.cities.2019.01.032
https://doi.org/10.2307/3150783
https://doi.org/10.1109/EMR.2018.2833475
https://doi.org/10.1080/00207543.2019.1572932
https://doi.org/10.1016/j.jbusres.2018.11.028
https://doi.org/10.1080/09585190500314706
https://doi.org/10.1016/j.ijpe.2020.107844
https://doi.org/10.1108/JEIM-10-2019-0324
https://doi.org/10.1016/j.resconrec.2019.104502
https://doi.org/10.1108/IJOA-04-2020-2120

Barney, J.B., 2001. Resource-based theories of competitive advantage: A ten-year
retrospective on the resource-based view. J. Manage. https://doi.org/10.1016/S0149-
2063(01)00115-5

Barney, J.B., 1996. The Resource-Based Theory of the Firm. Organ. Sci.
https://doi.org/10.1287/orsc.7.5.469

Baryannis, G., Validi, S., Dani, S., Antoniou, G., 2019. Supply chain risk management and
artificial intelligence: state of the art and future research directions. Int. J. Prod. Res.
https://doi.org/10.1080/00207543.2018.1530476

BEE Online. http://www.beeonline.co.za/skills-development/, Accessed on 14™ Feb 2020.

Blazquez, D., Domenech, J., 2018. Big Data sources and methods for social and economic
analyses. Technol. Forecast. Soc. Change.
https://doi.org/10.1016/j.techfore.2017.07.027

Boon, C., Paauwe, J., Boselie, P., Den Hartog, D., 2009. Institutional pressures and HRM:
Developing institutional fit. Pers. Rev. https://doi.org/10.1108/00483480910978018

Brinch, M., Stentoft, J., Jensen, J.K., Rajkumar, C., 2018. Practitioners understanding of big
data and its applications in supply chain management. Int. J. Logist. Manag.
https://doi.org/10.1108/1JLM-05-2017-0115

Carvalho, N., Chaim, O., Cazarini, E., Gerolamo, M., 2018. Manufacturing in the fourth
industrial revolution: A positive prospect in Sustainable Manufacturing, in: Procedia
Manufacturing. https://doi.org/10.1016/j.promfg.2018.02.170

Cavusoglu, Huseyin, Cavusoglu, Hasan, Son, J.Y., Benbasat, I., 2015. Institutional pressures
in security management: Direct and indirect influences on organizational investment in
information security control resources. Inf. Manag.
https://doi.org/10.1016/].im.2014.12.004

Chien, C.F., Dauzere-Péres, S., Huh, W.T., Jang, Y.J., Morrison, J.R., 2020. Artificial
intelligence in manufacturing and logistics systems: algorithms, applications, and
case studies. Int. J. Prod. Res. https://doi.org/10.1080/00207543.2020.1752488

Chinn, W.W., 1998. The Partial Least Squares Approach to Structural Equation Modelling.
Mod. Methods Bus. Res.. G. A. Marcoulides (ed.), Mahwah, NJ: Lawrence Erlbaum
Associates, 295-336.

Choi, T.M., Wallace, S.W., Wang, Y., 2018. Big Data Analytics in Operations Management.
Prod. Oper. Manag. https://doi.org/10.1111/poms.12838

De Caigny, A., Coussement, K., De Bock, K.W., 2020. Leveraging fine-grained transaction
data for customer life event predictions. Decis. Support Syst.
https://doi.org/10.1016/j.dss.2019.113232

Del Borghi, A., Moreschi, L., Gallo, M., 2020. Circular economy approach to reduce water—
energy—food nexus. Curr. Opin. Environ. Sci. Heal.
https://doi.org/10.1016/j.coesh.2019.10.002

Dhamija, P., Bag, S., 2020. Role of artificial intelligence in operations environment: a review
and bibliometric analysis. TQM J. https://doi.org/10.1108/TQM-10-2019-0243

Duan, Y., Edwards, J.S., Dwivedi, Y.K., 2019. Artificial intelligence for decision making in
the era of Big Data — evolution, challenges and research agenda. Int. J. Inf. Manage.
https://doi.org/10.1016/j.ijinfomgt.2019.01.021



https://doi.org/10.1016/S0149-2063(01)00115-5
https://doi.org/10.1016/S0149-2063(01)00115-5
https://doi.org/10.1287/orsc.7.5.469
https://doi.org/10.1080/00207543.2018.1530476
http://www.beeonline.co.za/skills-development/
https://doi.org/10.1016/j.techfore.2017.07.027
https://doi.org/10.1108/00483480910978018
https://doi.org/10.1108/IJLM-05-2017-0115
https://doi.org/10.1016/j.promfg.2018.02.170
https://doi.org/10.1016/j.im.2014.12.004
https://doi.org/10.1080/00207543.2020.1752488
https://doi.org/10.1016/j.dss.2019.113232
https://doi.org/10.1016/j.coesh.2019.10.002
https://doi.org/10.1108/TQM-10-2019-0243
https://doi.org/10.1016/j.ijinfomgt.2019.01.021

Dubey, R., Gunasekaran, A., Childe, S.J., Fosso Wamba, S., Roubaud, D., Foropon, C.,
2019a. Empirical investigation of data analytics capability and organizational flexibility
as complements to supply chain resilience. Int. J. Prod. Res.
https://doi.org/10.1080/00207543.2019.1582820

Dubey, R., Gunasekaran, A., Childe, S.J., Blome, C., Papadopoulos, T., 2019b. Big Data and
Predictive Analytics and Manufacturing Performance: Integrating Institutional Theory,
Resource-Based View and Big Data Culture. Br. J. Manag.
https://doi.org/10.1111/1467-8551.12355

Dubey, R., Gunasekaran, A., Childe, S.J., 2019. Big data analytics capability in supply chain
agility. Manag. Decis. https://doi.org/10.1108/md-01-2018-0119

Dubey, R., Gunasekaran, A., Childe, S.J., Bryde, D.J., Giannakis, M., Foropon, C., Roubaud,
D., Hazen, B.T., 2020. Big data analytics and artificial intelligence pathway to
operational performance under the effects of entrepreneurial orientation and
environmental dynamism: A study of manufacturing organisations. Int. J. Prod. Econ.
https://doi.org/10.1016/j.ijpe.2019.107599

Dwivedi, Y. K., Hughes, L., Ismagilova, E., Aarts, G., Coombs, C., Crick, T., Galanos, V.
2019. Artificial Intelligence (Al): Multidisciplinary perspectives on emerging
challenges, opportunities, and agenda for research, practice and policy. Int. J. Inf.
Manage. https://doi.org/10.1016/j.ijinfomgt.2019.08.002

Dwivedi, Y.K., Kapoor, K.K., Williams, M.D., Williams, J., 2013. RFID systems in libraries:
An empirical examination of factors affecting system use and user satisfaction. Int. J.
Inf. Manage. https://doi.org/10.1016/j.ijinfomQt.2012.10.008

Fang, W., Guo, Y., Liao, W., Ramani, K., Huang, S., 2020. Big data driven jobs remaining
time prediction in discrete manufacturing system: a deep learning-based approach. Int. J.
Prod. Res. https://doi.org/10.1080/00207543.2019.1602744

Fernandez-Alles, M. D. L. L., Valle-Cabrera, R., 2006. Reconciling institutional theory with
organizational theories: How neoinstitutionalism resolves five paradoxes. J. Organ.
Chang. Manag. https://doi.org/10.1108/09534810610676699

Ferasso, M., Beliaeva, T., Kraus, S., Clauss, T., Ribeiro-Soriano, D., 2020. Circular economy
business models: The state of research and avenues ahead. Bus. Strateg. Environ.
https://doi.org/10.1002/bse.2554

Fisher, O., Watson, N., Porcu, L., Bacon, D., Rigley, M., Gomes, R.L., 2018. Cloud
manufacturing as a sustainable process manufacturing route. J. Manuf. Syst.
https://doi.org/10.1016/j.jmsy.2018.03.005

Fornell, C., Larcker, D.F., 1981. Evaluating Structural Equation Models with Unobservable
Variables and Measurement Error. J. Mark. Res. https://doi.org/10.2307/3151312

Gao, Chengkang, Gao, Chengbo, Song, K., Fang, K., 2020. Pathways towards regional
circular economy evaluated using material flow analysis and system dynamics. Resour.
Conserv. Recycl. https://doi.org/10.1016/j.resconrec.2019.104527

Garcia-Muifia, F.E., Gonzalez-Sanchez, R., Ferrari, A.M., Settembre-Blundo, D., 2018. The
paradigms of Industry 4.0 and circular economy as enabling drivers for the
competitiveness of businesses and territories: The case of an Italian ceramic tiles
manufacturing company. Soc. Sci. https://doi.org/10.3390/socsci7120255



https://doi.org/10.1080/00207543.2019.1582820
https://doi.org/10.1111/1467-8551.12355
https://doi.org/10.1108/md-01-2018-0119
https://doi.org/10.1016/j.ijpe.2019.107599
https://doi.org/10.1016/j.ijinfomgt.2019.08.002
https://doi.org/10.1016/j.ijinfomgt.2012.10.008
https://doi.org/10.1080/00207543.2019.1602744
https://doi.org/10.1108/09534810610676699
https://doi.org/10.1002/bse.2554
https://doi.org/10.1016/j.jmsy.2018.03.005
https://doi.org/10.2307/3151312
https://doi.org/10.1016/j.resconrec.2019.104527
https://doi.org/10.3390/socsci7120255

Gerrikagoitia, J.K., Unamuno, G., Urkia, E., Serna, A., 2019. Digital Manufacturing
Platforms in the Industry 4.0 from Private and Public Perspectives. Appl. Sci.
https://doi.org/10.3390/app9142934

Grover, P., Kar, A.K., Dwivedi, Y.K., 2020. Understanding artificial intelligence adoption in
operations management: insights from the review of academic literature and social
media discussions. Ann. Oper. Res. https://doi.org/10.1007/s10479-020-03683-9

Gupta, S., Chen, H., Hazen, B.T., Kaur, S., Santibafiez Gonzalez, E.D.R., 2019. Circular
economy and big data analytics: A stakeholder perspective. Technol. Forecast. Soc.
Change. https://doi.org/10.1016/j.techfore.2018.06.030

Haenlein, M., Kaplan, A., 2019. A brief history of artificial intelligence: On the past, present,
and future of artificial intelligence. Calif. Manage. Rev.
https://doi.org/10.1177/0008125619864925

Hair, J.F., Ringle, C.M., Sarstedt, M., 2011. PLS-SEM: Indeed a silver bullet. J. Mark.
Theory Pract. https://doi.org/10.2753/MTP1069-6679190202

Hair, J.F., Anderson, R.E., Tatham, R.L., Black, W.C., 1998. Multivariate data analysis with
readings (5nd ed.), Prentice-Hall, Upper Saddle River.

Hart, S. L., 1995. A natural-resource-based view of the firm. Acad. of Manag Rev., 20(4),
986-1014.

Hennelly, P.A., Srai, J.S., Graham, G., Fosso Wamba, S., 2020. Rethinking supply chains in
the age of digitalization. Prod. Plan. Control.
https://doi.org/10.1080/09537287.2019.1631469

Huang, Y.C., Yang, M.L., Wong, Y.J., 2016. Institutional pressures, resources commitment,
and returns management. Supply Chain Manag. https://doi.org/10.1108/SCM-04-2015-
0144

Hughes, L., Dwivedi, Y.K., Rana, N.P., Williams, M.D. and Raghavan, V., 2020.
Perspectives on the future of manufacturing within the Industry 4.0 era. pp.1-21. Prod.
Plan. Control. https://doi.org/10.1080/09537287.2020.1810762

Hughes, M., Powell, T.H., Chung, L., Mellahi, K., 2017. Institutional and Resource-based
Explanations for Subsidiary Performance. Br. J. Manag. https://doi.org/10.1111/1467-
8551.12169

Igbal, R., Doctor, F., More, B., Mahmud, S., Yousuf, U., 2020. Big data analytics:
Computational intelligence techniques and application areas. Technol. Forecast. Soc.
Change. https://doi.org/10.1016/j.techfore.2018.03.024

Jabbour, C.J.C, De Camargo Fiorini, P., Wong, C.W.Y ., Jugend, D., Lopes De Sousa
Jabbour, A.B., Roman Pais Seles, B.M., Paula Pinheiro, M.A., Ribeiro da Silva, H.M.,
2020a. First-mover firms in the transition towards the sharing economy in metallic
natural resource-intensive industries: Implications for the circular economy and
emerging industry 4.0 technologies. Resour. Policy.
https://doi.org/10.1016/j.resourpol.2020.101596

Jabbour, C.J.C, Seuring, S., Lopes de Sousa Jabbour, A.B., Jugend, D., De Camargo Fiorini,
P., Latan, H., 1zeppi, W.C., 2020b. Stakeholders, innovative business models for the
circular economy and sustainable performance of firms in an emerging economy facing
institutional voids. J. Environ. Manage. https://doi.org/10.1016/j.jenvman.2020.110416



https://doi.org/10.3390/app9142934
https://doi.org/10.1007/s10479-020-03683-9
https://doi.org/10.1016/j.techfore.2018.06.030
https://doi.org/10.1177/0008125619864925
https://doi.org/10.2753/MTP1069-6679190202
https://doi.org/10.1080/09537287.2019.1631469
https://doi.org/10.1108/SCM-04-2015-0144
https://doi.org/10.1108/SCM-04-2015-0144
https://doi.org/10.1111/1467-8551.12169
https://doi.org/10.1111/1467-8551.12169
https://doi.org/10.1016/j.techfore.2018.03.024
https://doi.org/10.1016/j.resourpol.2020.101596
https://doi.org/10.1016/j.jenvman.2020.110416

Chiappetta Jabbour, C.J.C, Fiorini, P.D.C., Ndubisi, N.O., Queiroz, M.M., Piato, E.L., 2020c.
Digitally-enabled sustainable supply chains in the 21st century: A review and a research
agenda. Sci. Total Environ. https://doi.org/10.1016/j.scitotenv.2020.138177

Jabbour, C.J.C., Jabbour, A.B.L. de S., Sarkis, J., Filho, M.G., 2019. Unlocking the circular
economy through new business models based on large-scale data: An integrative
framework and research agenda. Technol. Forecast. Soc. Change.
https://doi.org/10.1016/j.techfore.2017.09.010

Jabbour, C.J.C., Santos, F.C.A., 2008a. The central role of human resource management in
the search for sustainable organizations. Int. J. Hum. Resour. Manag.
https://doi.org/10.1080/09585190802479389

Jabbour, C.J.C., Santos, F.C.A., 2008b. Relationships between human resource dimensions
and environmental management in companies: proposal of a model. J. Clean. Prod.
https://doi.org/10.1016/j.jclepro.2006.07.025

Jerman, A., Peji¢ Bach, M., Aleksi¢, A., 2020. Transformation towards smart factory system:
Examining new job profiles and competencies. Syst. Res. Behav. Sci.
https://doi.org/10.1002/sres.2657

Julianelli, V., Caiado, R.G.G., Scavarda, L.F., Cruz, S.P. de M.F., 2020. Interplay between
reverse logistics and circular economy: Critical success factors-based taxonomy and
framework. Resour. Conserv. Recycl. https://doi.org/10.1016/j.resconrec.2020.104784

Kamble, S.S., Gunasekaran, A., 2020. Big data-driven supply chain performance
measurement system: a review and framework for implementation. Int. J. Prod. Res.
https://doi.org/10.1080/00207543.2019.1630770

Kapoor, K., Dwivedi, Y., Piercy, N.C., Lal, B., Weerakkody, V., 2014. RFID integrated
systems in libraries: Extending TAM model for empirically examining the use. J.
Enterp. Inf. Manag. https://doi.org/10.1108/JEIM-10-2013-0079

Katal, A., Wazid, M., Goudar, R.H., 2013. Big data: Issues, challenges, tools and Good
practices, in: 2013 6th International Conference on Contemporary Computing, IC3
2013. https://doi.org/10.1109/1C3.2013.6612229

Kim, J. B., 2019. Implementation of Artificial Intelligence System and Traditional System: A
Comparative Study. Journal of System and Management Sciences, 9 (3), 135-146.

Kock, N., 2012. WarpPLS 5.0 user manual. Laredo, TX: ScriptWarp Systems.

Kock, N., 2015. Common method bias in PLS-SEM: A full collinearity assessment approach.
Int. J. e-Collaboration. https://doi.org/10.4018/ijec.2015100101

Kock, N., Lynn, G.S., 2012. Lateral collinearity and misleading results in variance-based
SEM: An illustration and recommendations. J. Assoc. Inf. Syst.
https://doi.org/10.17705/1jais.00302

Kondra, A.Z., Hinings, C.R., 1998. Organizational diversity and change in institutional
theory. Organ. Stud. https://doi.org/10.1177/017084069801900502

Kostova, T., Kendall, R., Dacin, M.T., 2008. Instututional theory in the study of MNCs: A
critique and new directions. Acad. Manag. Rev.
https://doi.org/10.5465/amr.2008.34422026

Krolczyk, G.M., Maruda, R.W., Krolczyk, J.B., Wojciechowski, S., Mia, M., Nieslony, P.,
Budzik, G., 2019. Ecological trends in machining as a key factor in sustainable
production — A review. J. Clean. Prod. https://doi.org/10.1016/j.jclepro.2019.02.017



https://doi.org/10.1016/j.scitotenv.2020.138177
https://doi.org/10.1016/j.techfore.2017.09.010
https://doi.org/10.1080/09585190802479389
https://doi.org/10.1016/j.jclepro.2006.07.025
https://doi.org/10.1002/sres.2657
https://doi.org/10.1016/j.resconrec.2020.104784
https://doi.org/10.1080/00207543.2019.1630770
https://doi.org/10.1108/JEIM-10-2013-0079
https://doi.org/10.1109/IC3.2013.6612229
https://doi.org/10.4018/ijec.2015100101
https://doi.org/10.17705/1jais.00302
https://doi.org/10.1177/017084069801900502
https://doi.org/10.5465/amr.2008.34422026
https://doi.org/10.1016/j.jclepro.2019.02.017

Lee, I., Shin, Y.J., 2020. Machine learning for enterprises: Applications, algorithm selection,
and challenges. Bus. Horiz. https://doi.org/10.1016/j.bushor.2019.10.005

Lee, J., Davari, H., Singh, J., Pandhare, V., 2018. Industrial Artificial Intelligence for
industry 4.0-based manufacturing systems. Manuf. Lett.
https://doi.org/10.1016/j.mfglet.2018.09.002

Liang, H., Saraf, N., Hu, Q., Xue, Y., 2007. Assimilation of enterprise systems: The effect of
institutional pressures and the mediating role of top management. MIS Q. Manag. Inf.
Syst. https://doi.org/10.2307/25148781

Li, L., 2018. China’s manufacturing locus in 2025: With a comparison of “Made-in-China
2025” and “Industry 4.0.” Technol. Forecast. Soc. Change.
https://doi.org/10.1016/j.techfore.2017.05.028

Lin, D., Lee, C.K.M., Lau, H., Yang, Y., 2018. Strategic response to Industry 4.0: an
empirical investigation on the Chinese automotive industry. Ind. Manag. Data Syst.
https://doi.org/10.1108/IMDS-09-2017-0403

Liu, J., Chang, H., Forrest, J.Y.L., Yang, B., 2020. Influence of artificial intelligence on

technological innovation: Evidence from the panel data of china’s manufacturing
sectors. Technol. Forecast. Soc. Change. https://doi.org/10.1016/].techfore.2020.120142

Liu, Y., Zhang, Y., Ren, S, Yang, M., Wang, Y., Huisingh, D., 2020. How can smart
technologies contribute to sustainable product lifecycle management? J. Clean. Prod.
https://doi.org/10.1016/j.jclepro.2019.119423

Lopes de Sousa Jabbour, A.B., Rojas Luiz, J.V., Rojas Luiz, O., Jabbour, C.J.C., Ndubisi,
N.O., Caldeira de Oliveira, J.H., Junior, F.H., 2019. Circular economy business models
and operations management. J. Clean. Prod.
https://doi.org/10.1016/j.jclepro.2019.06.349

Lopes de Sousa Jabbour, A.B., Jabbour, C.J.C., Godinho Filho, M., Roubaud, D., 2018a.
Industry 4.0 and the circular economy: a proposed research agenda and original roadmap
for sustainable operations. Ann. Oper. Res. https://doi.org/10.1007/s10479-018-2772-8

Lopes de Sousa Jabbour, A.B.., Jabbour, C.J.C., Foropon, C., Filho, M.G., 2018. When titans
meet — Can industry 4.0 revolutionise the environmentally-sustainable manufacturing
wave? The role of critical success factors. Technol. Forecast. Soc. Change.
https://doi.org/10.1016/j.techfore.2018.01.017

Man, J.C. De, Strandhagen, J.O., 2017. An Industry 4.0 Research Agenda for Sustainable
Business Models, in: Procedia CIRP. https://doi.org/10.1016/j.procir.2017.03.315

Martin, W.E., Bridgmon, K.D., 2012. Quantitative and statistical research methods From
hypothesis to results, Vol. 42. John Wiley & Sons.

Melville, N., Gurbaxani, V., Kraemer, K., 2007. The productivity impact of information
technology across competitive regimes: The role of industry concentration and
dynamism. Decis. Support Syst. https://doi.org/10.1016/j.dss.2006.09.009

Mizruchi, M.S., Fein, L.C., 1999. The social construction of organizational knowledge: A
study of the uses of coercive, mimetic, and normative isomorphism. Adm. Sci. Q.
https://doi.org/10.2307/2667051

Molina-Azorin, J.F., 2014. Microfoundations of strategic management: Toward micro-macro
research in the resource-based theory. BRQ Bus. Res. Q.
https://doi.org/10.1016/j.brq.2014.01.001



https://doi.org/10.1016/j.bushor.2019.10.005
https://doi.org/10.1016/j.mfglet.2018.09.002
https://doi.org/10.2307/25148781
https://doi.org/10.1016/j.techfore.2017.05.028
https://doi.org/10.1108/IMDS-09-2017-0403
https://doi.org/10.1016/j.techfore.2020.120142
https://doi.org/10.1016/j.jclepro.2019.119423
https://doi.org/10.1016/j.jclepro.2019.06.349
https://doi.org/10.1007/s10479-018-2772-8
https://doi.org/10.1016/j.procir.2017.03.315
https://doi.org/10.1016/j.dss.2006.09.009
https://doi.org/10.2307/2667051
https://doi.org/10.1016/j.brq.2014.01.001

Morseletto, P., 2020. Targets for a circular economy. Resour. Conserv. Recycl.
https://doi.org/10.1016/j.resconrec.2019.104553

Munoko, I., Brown-Liburd, H.L., Vasarhelyi, M., 2020. The Ethical Implications of Using
Artificial Intelligence in Auditing. J. Bus. Ethics. https://doi.org/10.1007/s10551-019-
04407-1

Nam, T., 2019. Technology usage, expected job sustainability, and perceived job insecurity.
Technol. Forecast. Soc. Change. https://doi.org/10.1016/].techfore.2018.08.017

Nascimento, D.L.M., Alencastro, V., Quelhas, O.L.G., Caiado, R.G.G., Garza-Reyes, J.A.,
Lona, L.R., Tortorella, G., 2019. Exploring Industry 4.0 technologies to enable circular
economy practices in a manufacturing context: A business model proposal. J. Manuf.
Technol. Manag. https://doi.org/10.1108/JMTM-03-2018-0071

Nishant, R., Kennedy, M., Corbett, J., 2020. Artificial intelligence for sustainability:
Challenges, opportunities, and a research agenda. Int. J. Inf. Manage.
https://doi.org/10.1016/j.ijinfomgt.2020.102104

Nobre, G.C., Tavares, E., 2017. Scientific literature analysis on big data and internet of things
applications on circular economy: a bibliometric study. Scientometrics.
https://doi.org/10.1007/s11192-017-2281-6

Nunnally, J., Bernstein, 1., 1994. Psychometric Theory, 3rd edn, 1994. McGraw-Hill, New
York.

Obschonka, M., Audretsch, D.B., 2020. Artificial intelligence and big data in
entrepreneurship: a new era has begun. Small Bus. Econ.
https://doi.org/10.1007/s11187-019-00202-4

Oliver, C., 1997. Sustainable competitive advantage: Combining institutional and resource-
based views. Strateg. Manag. J. https://doi.org/10.1002/(SIC1)1097-
0266(199710)18:9<697::AID-SMJ909>3.0.CO;2-C

Paschen, J., Kietzmann, J., Kietzmann, T.C., 2019. Artificial intelligence (Al) and its
implications for market knowledge in B2B marketing. J. Bus. Ind. Mark.
https://doi.org/10.1108/JBIM-10-2018-0295

Pactwa, K., Wozniak, J., Dudek, M., 2020. Coal mining waste in Poland in reference to
circular economy principles. Fuel. https://doi.org/10.1016/j.fuel.2020.117493

Pettersen, L., 2019. Why artificial intelligence will not outsmart complex knowledge work.
Work. Employ. Soc. https://doi.org/10.1177/0950017018817489

Pillai, R., Sivathanu, B. and Dwivedi, Y.K., 2020. Shopping intention at Al-powered
automated retail stores (AIPARS). J. Retail. Consum. Serv., 57, p.102207.

Powell, W. W., Colyvas, J. A., 2008. Micro foundations of institutional theory. The Sage
Handbook of Organizational Institutionalism.
http://dx.doi.org/10.4135/9781849200387.n11.

Rajput, S., Singh, S.P., 2019. Connecting circular economy and industry 4.0. Int. J. Inf.
Manage. https://doi.org/10.1016/j.ijinfomgt.2019.03.002

Ravichandran, T., Lertwongsatien, C., 2002. Impact of information systems resources and
capabilities on firm performance: A resource-based perspective. ICIS 2002 Proceedings,
53.



https://doi.org/10.1016/j.resconrec.2019.104553
https://doi.org/10.1007/s10551-019-04407-1
https://doi.org/10.1007/s10551-019-04407-1
https://doi.org/10.1016/j.techfore.2018.08.017
https://doi.org/10.1108/JMTM-03-2018-0071
https://doi.org/10.1016/j.ijinfomgt.2020.102104
https://doi.org/10.1007/s11192-017-2281-6
https://doi.org/10.1007/s11187-019-00202-4
https://doi.org/10.1108/JBIM-10-2018-0295
https://doi.org/10.1016/j.fuel.2020.117493
https://doi.org/10.1177/0950017018817489
http://dx.doi.org/10.4135/9781849200387.n11
https://doi.org/10.1016/j.ijinfomgt.2019.03.002

Ricciotti, L., Occhicone, A., Petrillo, A., Ferone, C., Cioffi, R., Roviello, G., 2020.
Geopolymer-based hybrid foams: Lightweight materials from a sustainable production
process. J. Clean. Prod. https://doi.org/10.1016/j.jclepro.2019.119588

Sahota, N., Ashley, M., 2019. When Robots Replace Human Managers: Introducing the
Quantifiable Workplace. IEEE Eng. Manag. Rev.
https://doi.org/10.1109/EMR.2019.2931654

Scott, W. R. (2004). Institutional theory. Encyclopedia of Social Theory. 11, 408-14.

Scott, W.R., 2005. Contributing to a Theoretical Research Program. Gt. minds Manag.
Process theory Dev. 37, 460-484.

Scott, W.R., 2008. Approaching adulthood: The maturing of institutional theory. Theory Soc.
https://doi.org/10.1007/s11186-008-9067-z

Selz, D., 2020. From electronic markets to data driven insights. Electron. Mark.
https://doi.org/10.1007/s12525-019-00393-4

Shareef, M.A., Kumar, V., Dwivedi, Y.K., Kumar, U., Akram, M.S. and Raman, R., A new
health care system enabled by machine intelligence: Elderly people's trust or losing self
control. Technol. Forecast. Soc. Change. 162, p.120334.

Shareef, M.A., Kumar, V., Dwivedi, Y.K., Kumar, U., 2016. Service delivery through
mobile-government (mGov): Driving factors and cultural impacts. Inf. Syst. Front.
https://doi.org/10.1007/s10796-014-9533-2

Shareef, M.A., Dwivedi, Y.K., Kumar, V., Kumar, U., 2017. Content design of advertisement
for consumer exposure: Mobile marketing through short messaging service. Int. J. Inf.
Manage. https://doi.org/10.1016/j.ijinfomqt.2017.02.003

Sharma, S.K., Sharma, M., 2019. Examining the role of trust and quality dimensions in the
actual usage of mobile banking services: An empirical investigation. Int. J. Inf. Manage.
https://doi.org/10.1016/j.ijinfomgt.2018.09.013

Sivarajah, U., Kamal, M.M., Irani, Z., Weerakkody, V., 2017. Critical analysis of Big Data
challenges and analytical methods. J. Bus. Res.
https://doi.org/10.1016/j.jbusres.2016.08.001

Soriano, D.R., 2010. Management factors affecting the performance of technology firms. J.
Bus. Res. https://doi.org/10.1016/j.jbusres.2009.04.003

Soriano, D. R., Ross, A.D., Parker, H., del Mar Benavides-Espinosa, M., Droge, C., 2012.
Sustainability and supply chain infrastructure development. Manag. Decis.
https://doi.org/10.1108/00251741211279666

Srinivasan, R., Swink, M., 2018. An investigation of visibility and flexibility as complements
to supply chain analytics: An organizational information processing theory perspective.
Prod. Oper. Manag. https://doi.org/10.1111/poms.12746

Stock, T., Seliger, G., 2016. Opportunities of Sustainable Manufacturing in Industry 4.0, in:
Procedia CIRP. https://doi.org/10.1016/j.procir.2016.01.129

Stock, T., Obenaus, M., Kunz, S., Kohl, H., 2018. Industry 4.0 as enabler for a sustainable
development: A qualitative assessment of its ecological and social potential. Process
Saf. Environ. Prot. https://doi.org/10.1016/].psep.2018.06.026



https://doi.org/10.1016/j.jclepro.2019.119588
https://doi.org/10.1109/EMR.2019.2931654
https://doi.org/10.1007/s11186-008-9067-z
https://doi.org/10.1007/s12525-019-00393-4
https://doi.org/10.1007/s10796-014-9533-2
https://doi.org/10.1016/j.ijinfomgt.2017.02.003
https://doi.org/10.1016/j.ijinfomgt.2018.09.013
https://doi.org/10.1016/j.jbusres.2016.08.001
https://doi.org/10.1016/j.jbusres.2009.04.003
https://doi.org/10.1108/00251741211279666
https://doi.org/10.1111/poms.12746
https://doi.org/10.1016/j.procir.2016.01.129
https://doi.org/10.1016/j.psep.2018.06.026

Takahashi, A.R.W., Sander, J.A., 2017. Combining institutional theory with resource based
theory to understand processes of organizational knowing and dynamic capabilities. Eur.
J. Manag. Issues. https://doi.org/10.15421/191707

Tan, R., Zhao, X., Guo, S., Zou, X,, He, Y., Geng, Y., Hu, Z., Sun, T., 2020. Sustainable
production of dry-ultra-precision machining of Ti—-6Al-4V alloy using PCD tool under
ultrasonic elliptical vibration-assisted cutting. J. Clean. Prod.
https://doi.org/10.1016/j.jclepro.2019.119254

Telukdarie, A., Buhulaiga, E., Bag, S., Gupta, S., Luo, Z., 2018. Industry 4.0 implementation
for multinationals. Process Saf. Environ. Prot.
https://doi.org/10.1016/j.psep.2018.06.030

Theorin, A., Bengtsson, K., Provost, J., Lieder, M., Johnsson, C., Lundholm, T., Lennartson,
B., 2017. An event-driven manufacturing information system architecture for Industry
4.0. Int. J. Prod. Res. https://doi.org/10.1080/00207543.2016.1201604

Tortorella, G.L., Cawley Vergara, A. Mac, Garza-Reyes, J.A., Sawhney, R., 2020.
Organizational learning paths based upon industry 4.0 adoption: An empirical study with
Brazilian manufacturers. Int. J. Prod. Econ. https://doi.org/10.1016/].ijpe.2019.06.023

Tseng, M.L., Tan, R.R., Chiu, A.S.F., Chien, C.F., Kuo, T.C., 2018. Circular economy meets
industry 4.0: Can big data drive industrial symbiosis? Resour. Conserv. Recycl.
https://doi.org/10.1016/j.resconrec.2017.12.028

van Rijmenam, M., Erekhinskaya, T., Schweitzer, J., Williams, M.A., 2019. Avoid being the
Turkey: How big data analytics changes the game of strategy in times of ambiguity and
uncertainty. Long Range Plann. https://doi.org/10.1016/j.1rp.2018.05.007

Veile, JW., Kiel, D., Muller, J.M., Voigt, K.1., 2019. Lessons learned from Industry 4.0
implementation in the German manufacturing industry. J. Manuf. Technol. Manag.
https://doi.org/10.1108/JMTM-08-2018-0270

Wade, M., Hulland, J., 2004. Review: The resource-based view and information systems
research: Review, extension, and suggestions for future research. MIS Q. Manag. Inf.
Syst. https://doi.org/10.2307/25148626

Waller, M.A., Fawcett, S.E., 2013. Data science, predictive analytics, and big data: A
revolution that will transform supply chain design and management. J. Bus. Logist.
https://doi.org/10.1111/jbl.12010

Fosso Wamba, S., Akter, S., Edwards, A., Chopin, G., Gnanzou, D., 2015. How “big data”
can make big impact: Findings from a systematic review and a longitudinal case study.
Int. J. Prod. Econ. https://doi.org/10.1016/].ijpe.2014.12.031

Wang, S., Li, J., Zhao, D., 2018. Institutional pressures and environmental management
practices: The moderating effects of environmental commitment and resource
availability. Bus. Strateg. Environ. https://doi.org/10.1002/bse.1983

Wang, S., Wan, J., Zhang, D., Li, D., Zhang, C., 2016. Towards smart factory for industry
4.0: A self-organized multi-agent system with big data based feedback and coordination.
Comput. Networks. https://doi.org/10.1016/j.comnet.2015.12.017

Webb, J.W., Ireland, R.D., Hitt, M.A., Kistruck, G.M., Tihanyi, L., 2011. Where is the
opportunity without the customer? An integration of marketing activities, the
entrepreneurship process, and institutional theory. J. Acad. Mark. Sci.
https://doi.org/10.1007/s11747-010-0237-y



https://doi.org/10.15421/191707
https://doi.org/10.1016/j.jclepro.2019.119254
https://doi.org/10.1016/j.psep.2018.06.030
https://doi.org/10.1080/00207543.2016.1201604
https://doi.org/10.1016/j.ijpe.2019.06.023
https://doi.org/10.1016/j.resconrec.2017.12.028
https://doi.org/10.1016/j.lrp.2018.05.007
https://doi.org/10.1108/JMTM-08-2018-0270
https://doi.org/10.2307/25148626
https://doi.org/10.1111/jbl.12010
https://doi.org/10.1016/j.ijpe.2014.12.031
https://doi.org/10.1002/bse.1983
https://doi.org/10.1016/j.comnet.2015.12.017
https://doi.org/10.1007/s11747-010-0237-y

Weerakkody, V., Dwivedi, Y. K., & Irani, Z. (2009). The diffusion and use of institutional
theory: a cross-disciplinary longitudinal literature survey. J. of Inform. Techn, 24(4),
354-368.

Yablonsky, S.A., 2019. Multidimensional data-driven artificial intelligence innovation.
Technol. Innov. Manag. Rev. https://doi.org/10.22215/timreview/1288

Yablonsky, S.A., 2019. Multidimensional data-driven artificial intelligence innovation.
Technol. Innov. Manag. Rev. https://doi.org/10.22215/timreview/1288

Yadegaridehkordi, E., Hourmand, M., Nilashi, M., Shuib, L., Ahani, A., Ibrahim, O., 2018.
Influence of big data adoption on manufacturing companies’ performance: An integrated
DEMATEL-ANFIS approach. Technol. Forecast. Soc. Change.
https://doi.org/10.1016/j.techfore.2018.07.043

Yasmin, M., Tatoglu, E., Kilic, H.S., Zaim, S., Delen, D., 2020. Big data analytics
capabilities and firm performance: An integrated MCDM approach. J. Bus. Res.
https://doi.org/10.1016/j.jbusres.2020.03.028

Zangiacomi, A., Pessot, E., Fornasiero, R., Bertetti, M., Sacco, M., 2020. Moving towards
digitalization: a multiple case study in manufacturing. Prod. Plan. Control.
https://doi.org/10.1080/09537287.2019.1631468

Zeng, H., Chen, X., Xiao, X., Zhou, Z., 2017. Institutional pressures, sustainable supply chain
management, and circular economy capability: Empirical evidence from Chinese eco-
industrial park firms. J. Clean. Prod. https://doi.org/10.1016/j.jclepro.2016.10.093

Zhang, C., Dhaliwal, J., 2009. An investigation of resource-based and institutional theoretic
factors in technology adoption for operations and supply chain management. Int. J. Prod.
Econ. https://doi.org/10.1016/j.ijpe.2008.07.023

Zheng, D., Chen, J., Huang, L., Zhang, C., 2013. E-government adoption in public
administration organizations: Integrating institutional theory perspective and resource-
based view. Eur. J. Inf. Syst. https://doi.org/10.1057/ejis.2012.28

Zhou, G., Zhang, C., Li, Z., Ding, K., Wang, C., 2020. Knowledge-driven digital twin
manufacturing cell towards intelligent manufacturing. Int. J. Prod. Res.
https://doi.org/10.1080/00207543.2019.1607978

Zhu, Q., Sarkis, J., Lai, K. hung, 2013. Institutional-based antecedents and performance
outcomes of internal and external green supply chain management practices. J. Purch.
Supply Manag. https://doi.org/10.1016/j.pursup.2012.12.001



https://doi.org/10.22215/timreview/1288
https://doi.org/10.22215/timreview/1288
https://doi.org/10.1016/j.techfore.2018.07.043
https://doi.org/10.1016/j.jbusres.2020.03.028
https://doi.org/10.1080/09537287.2019.1631468
https://doi.org/10.1016/j.jclepro.2016.10.093
https://doi.org/10.1016/j.ijpe.2008.07.023
https://doi.org/10.1057/ejis.2012.28
https://doi.org/10.1080/00207543.2019.1607978
https://doi.org/10.1016/j.pursup.2012.12.001

