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ABSTRACT
The main objective is to examine the mediating role of data-driven decision-making and the impact
of Industry 4.0 capabilities on supply chain innovation in Ghana. The study employed a cross-
sectional research design. This survey was conducted using a quantitative approach. Stratified
sampling was used to choose 381 participants. A prepared questionnaire was the main tool used
for data collection. Both SPSS v26 and SmartPIs v4 were used for the statistical analysis. Both
descriptive and inferential approaches were used to analyse the data. The result reveals that
industry 4.0 had a significant direct influence on SC innovation and data-driven decision-making.
The result also concludes that data-driven decision making has a direct effect on SC innovation.
The results indicate that data-driven decision making positively and fully mediates interactions
between industry 4.0 and SC innovation. The study, therefore, concluded that managements should
constantly review and change their approaches, remind their personnel to make decisions based on
facts, not emotions, and choose to reason over instinct when presented with actual data that
contradicts their beliefs to gather data and draw conclusions, have the real-time capacity, and
makes decisions virtually and decentralised to innovate supply chain operations, regularly innovate

supply chain service, and innovate technologically.
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CHAPTER ONE

INTRODUCTION
1.1 Background of the study
Technological breakthroughs often have the potential to affect all industries, resulting in structural
changes (Wang et al., 2020; Hahn, 2020). Technological changes have led to industrial changes
that have had significant effects on production processes, value chains, and social organizations
(Fatorachian and Kazemi, 2021; Hopkins, 2021). In the last decade, digital technologies such as
cloud computing (Liu and De Giovanni, 2019), the Internet of Things (Hahn, 2020), and artificial
intelligence have combined our physical and digital worlds," therefore they are entering the fourth
revolution, even normal business changes lead to industrial revolution 4.0 (Fatorachian and
Kazemi, 2021; Pfohl et al., 2017). Products are now increasingly added to digital services (Wamba
and Queiroz, 2022; Yuan et al., 2022), which has caused a change in the way businesses to develop,
produce and change their delivery (Tiwari, 2022; Bousdekis et al., 2021). Both academics and
experts believe Industry 4.0 to transform all businesses in fundamental ways that can improve their
results and efficiency (Kusi-Sarpong et al., 2021; Donkor, et al., 2021). Examples of applications
include machine learning (Momeni and Martinsuo, 2018), human monitoring (Kumar et al., 2021),

and smart management projects (Marinakis et al., 2020; Zhal, 2021).

Regardless of the tremendous potential, few businesses have successfully transformed through the
full use of 4.0 technologies and their applications for digital product solutions (da Rocha Torres et
al., 2022). This rate of change is low in small and medium-sized companies in the industrial sector
(Kohnova et al., 2019). It should be noted that the realization of the potential of Industry 4.0
requires changes in the industrial sector (Frank et al., 2019), as their production strengths are linked

to the core capabilities to be equipped with new information technology capabilities (Frank et al.,



2019; da Rocha Torres et al., 2022). The major challenges related to this are caused by the lack of
knowledge and understanding of the potential of information technology systems in the Industry
4.0 transition (Salimova et al., 2020). On this basis, the decision to be taken by the business players
will be good with a completely specialized vision for them to make good (Ludbrook et al., 2019),
informed decisions for long-distance organizations (Hyers, 2020), management, and employees
on the capabilities of Industry 4.0 (Duft and Durana,2020). Instead of focusing more on the usual
‘why' and ‘what' of Industry 4.0, this study focuses on the neglected 'how' (Grant, 2021). This study
aims to provide a specific perspective on the technological system capabilities needed by industries

that want to use Industry 4.0 (Tseng et al., 2021).

Theoretically so far, the literature on Industry 4.0 can be considered mature because it provides
important knowledge to define and organize aspects of technology in terms of supply chain
innovation (Ramirez-Pefia et al., 2020; Yadav et al., 2020). For example, researchers have found
many success factors (Rad et al., 2022) and employee needs (Bhagawati et al., 2019; Luthra and
Mangla, 2018). Current knowledge also includes important changes, such as studies on the
readiness of Industry 4.0 (Lassnig et al., 2021) or aging models (Manavalan and Jayakrishna,
2019). Although this study provides a good understanding of the Industry 4.0 revolution, it does
not cover all the capabilities or dimensions of information systems required for successful business

operations in the Industry 4.0 era.

Similarly, firms are using digital technologies to change their supply management models (Sony
and Naik, 2019), implement supply chain strategies, and identify key factors for delivering value
to customers (Castelo-Branco et al., 2019). These expectations have benefited greatly from the
technical and technological developments that followed the Fourth Industrial Revolution (Xing et

al., 2021). This phenomenon is caused by 'Industry 4.0' or Industrial 4.0, also known as 'The



Internet of Things', which has attracted a lot of interest in the professional community (Fernando
et al., 2022; Nick et al., 2021). Industry 4.0 shows the vision of virtual and connected assets, that
is, smart products and devices that are independent and can create coordinated systems such as

smart stores and supply chains (Shayganmehr et al., 2021; Harmoko, 2020).

In addition, these technologies can enable the use of new models of the supply chain to supplement
or replace traditional practices (Ramanathan and Samaranayake, 2021; Sar1 et al., 2020). Inspired
by these published studies, this study examines the impact of industry 4.0 on supply chain
innovation through the theoretical model of supply chain management (Nica, 2019). The
importance of information and communication technology for the management of the supply chain
(Felstead, 2019) and its positive effect on performance (Dallasega et al., 2018) has been widely
confirmed. Recent advances in computer technology have promised major changes in the supply
chain of many industries and sectors (Kayikci et al., 2022). Such innovations affect supply chain
operational models (Yu et al., 2021) and require the use of new (digital) delivery methods for

supply chain management (Ardito et al., 2019).

By distinguishing the outcomes of innovation from the process of innovation and the specifics of
innovation (Luthra and Mangla, 2018), this study examines the content of innovation and its
formation as a measure of innovation results in terms of elements analysed to achieve supply chain
(Chalmeta and Santos-deLeon, 2020). This study uses a fixed perspective and differentiates from
firms to reflect the innovative new ways of showing companies in these sectors, which is especially
determined by the use of technology (Patrucco et al., 2020). Therefore, this study tries to answer
two questions: What is the status and future of industry 4.0 that drives the use of supply chains and
what is the fundamental level of the Industry 4.0 that drives the use of innovation and how they

are related. Both questions are analyzed specifically on the similarities and differences of



companies based in the Ghanaian economy. Following a theoretical model (Luthra and Mangla,
2018), this study improves the experimental design model described by Corallo et al. (2028) to

ensure that the industry 4.0 help supply chain achieve its innovation process.

The current system of devices and information communication between industries can be
improved by the development of new technologies such as the Internet of Things (loT), cloud
computing, and cyber-physical systems. This situation is often referred to as Industry 4.0, smart
manufacturing, and digital factories (Da Silva et al., 2019). The amount of information generated
by special machines and special machines and machines has been described in various evaluations
of business networks and data sources, for example (Ding, 2018), Especially special attention to
the reduction of costs and the improvement of business is playing an important role (Hossain and
Thakur, 2020). Urgent care uses a variety of information to assess abnormal behaviour (diagnosis),
predict the future (prognosis), and provide immediate support for decision making in the era of
Industry 4.0, which also need to support decision-making using the development of new methods
and algorithms aimed at helping firms make the best decisions about maintenance and performance
(Dalmarco and Barros, 2018), This research emphasizes the popularity of data-driven decision
making for industry, starting with a research area and analyse the results of the situations using

real-time statistical data.

Ability to generate automated system data; specialized, internet of things enabled devices; and
multiple devices that challenge existing decision-making tools in Industry 4.0 improvement
applications (Krykavskyy et al., 2019). Literature has shown the increasing exposure of data-based
policies that are used to make the most of the information collected in the context of Industry 4.0.

With the rise of cyber-technology as well as cloud technologies for data processing and storage,



next generation care decision making will be more responsive and able to be understood and

forward decisions on the supply chain innovation achievement (Matthyssens, 2019).

Today, the ability to collect and process information has increased with the rapid development of
computer technology (Hofmann et al., 2019), for example, big data analysis, business intelligence
and information processing. A comprehensive analysis can improve the decision-making process
(Manavalan and Jayakrishna, 2019). Therefore, the practice of information-based strategies has
increased (Tiwari, 2020). This model states that decision making is based on data analysis and not
just based on knowledge (Preindl et al., 2020). This decision-making process for supply chain
optimization, focusing on supply chain network problems, analyses for businesses using data in
specific decision areas to develop solutions (Ludbrook et al., 2019). The information required by
this model is found in the implementation of new communication methods, which accurately
describe the beginning and development of the communication paradigm (Duft and Durana, 2020).
Therefore, experimental models are suitable for the study of complex systems such as supply
chains (Davidson, 2020). Data-driven decision making can include business-specific and multi-
level analysis for supply chain management without assumptions or limitations (Tseng et al.,
2018). Therefore, data-based decision-making has clear advantages over experimental decision-

making in the creative process of the supply chain (Fernandez-Caramés et al., 2019).

Currently, data related to supply chain decisions is still in its infancy and some potential gaps still
need to be explored (Tseng et al., 2021). As a new paradigm, the decision-making process is
focused on understanding the state of supply development that needs to be re-evaluated based on
research and identification (Riley et al., 2021). Data collection for specific business analysis and
decision-making data still requires careful consideration (Hyers, 2020). Unique data-driven

business analysis is required for supply chain optimization (Yu et al., 2019). Specific and



comprehensive formats or information-based data methods for supply chain innovation are
neglected in the existing literature (Nica, 2019). To bridge this gap, this study aims to examine the
decision-making process based on data on the placement of supply chain innovation. This study
proposes a data-based decision-making model for supply chain innovation. In this model, supply
chain data granularity is created to validate the data form for decision -making, this current study
aims to examine the impact of Industry 4.0 capabilities in achieving supply chain innovation,

through its mediating role in data-based decision-making.

1.2 Problem statement

Industry 4.0 uses a variety of tools and technologies to help redefine traditional business processes.
Supply chains are increasingly computerized, automated, and efficient in their operations (Zheng
et al., 2021). At the moment of digital communication, many different technologies are used to
create efficient, transparent, flexible, and improved systems at different stages of the supply chain,
including the development of new products, production, sales including planning, logistics, and
marketing (Chae and Olson, 2022). The impact of Industry 4.0 can be felt at different levels of
supply and in management strategies (Papakostas et al., 2022); thus, more accurate information
and planning by integrating and increasing the tracking of materials and products (Pires et al.,
2019), sharing real-time information and coordinating with suppliers and improving the

performance of the business through the warehouse and motor vehicles (Javaid and Haleem, 2019).

The sudden disruption due to digitalization is forcing companies to rethink how they organize their
supply chain (Mastos, et al., 2021). The clarity and ease of access to many choices of where to buy
and what to buy, allowed by e-commerce platforms, has strengthened competition in terms of
supply chain innovation process development (Ivanov et al., 2019). In particular, the update has

an important role in the change of the supply, providing remote and real-time monitoring of the



condition of the vehicle and the speed (Hofmann et al., 2019), the level of corrosion through
thermal sensors, the condition of the machines and operations, etc (Ghadge et al., 2020). The
increased communication of supply chain partners and the increasing importance of collaboration
requires an assessment of decision-making on the performance of Industry 4.0 in supply chain

innovation (Koh et al., 2019).

Frank et al. (2019) identified the supply chain as part of Industry 4.0, including digital data and
sales, suppliers, customers, and partners. Improving information sharing and coordination
activities between supply chain partners helps reduce costs and helps improve supply chain
efficiency and effectiveness (Frank et al., 2019; Ghobakhloo and Fathi, 2021). Better transparency
and collaboration in supply chain innovation also led to stronger trust and relationships between
supply chain members. Industry 4.0 has the potential for structured communication, maintenance
and management of goods, materials, and supply chains to increase the number of sales activities,
and reduce risk (Luthra and Mangla, 2018). The integration of 4.0 technology has also led to
changes in business models and production management system strategies (Mduller, 2019). In
addition to the requirements and processes to manage digital transformation in the supply chain,
new challenges and risks arise due to business process transformation and digital transformation.
Some of these issues include a lack of information, information security problems, and lack of
skilled workers (Simic and Nedelko, 2019). Therefore, there is a need for a basic model and special
studies to guide the industry in the development of a successful and sustainable Industry 4.0 that
can be adapted to the supply chain and quickly adapt to changes in technology and markets (Fathi

and Ghobakhloo, 2020).

Hahn (2020) in his study on Industry 4.0; a supply chain innovation perspective, shows supply

chain innovation through industry 4.0 presented in three dimensions; such as process (Mosser et



a., 2022), technology (Bai et al., 2020), and business structure (Haseeb et al., 2019). It also shows
that the modernization of supply chains enabled by Industry 4.0 has broadened the initial focus on
improvement in the production process of the supply chain in expansion and adaptation
(Telukdarie et al., 2018). Most of the industry 4.0 solutions rely heavily on analytics and smart
things while abandoning the technology experts and human processes associated with the industry
4.0 paradigm (Hallioui et al., 2022). This has caused companies adopting industry 4.0 to simply
maintain their current business structures and drastically change their operating models, heavily
dependent on statistical data and economic conditions (Topleva, 2018). Therefore, the industry
pursues a problem-solving, engineering-based approach to supply chain innovation while

following an asset-aware, and strategic approach in business.

Bousdekis et al. (2021) show that industries make decisions for the production and maintenance
of work because they benefit from the use of the technologies of Industry 4.0, which analysed the
data, predict trends, and enable the use of algorithms to recommend mitigation actions. Bousdekis
et al. (2021) analysed data-based outcomes of care and outlined directions for future research into
decision-making for Industry 4.0 maintenance data. Their main areas of research include fuzzy
information and applications rather than Internet of Things (IoT) devices that combine the real
world with the world of industries for slow communication and decision making and augmented
reality, integrating care decisions with other activities such as scheduling and planning; the use of
continuous cloud computing to optimize decision-making services; ability to make decisions when
dealing with big data; integration of security mechanisms; and integrate decision-making with
virtualization software, autonomous robots, and other advanced technologies to improve the

supply chain innovation process.



Studies on Industry 4.0 in achieving supply chain innovation have been shown in the literature to
be conducted in developed countries (Pfohl et al., 2017; Hahn, 2020; Wang et al., 2020; Hopkins,
2021; Liu and De Giovanni, 2019; Fatorachian and Kazemi, 2021; Yuan et al., 2022; Tiwari, 2022)
such as UK, USA, Canada, Australia and Malaysia. The findings from these studies have proven
that the presence’s Industry 4.0; capabilities in supply chain can only be improved through
innovation to meet the demand of industries for the satisfaction of their customers. Industry 4.0
can never be achieved without the support of data-driven decision-making (Bousdekis et al., 2021).
But the gap identified in the literature was that have failed to look at how data-driven decision-
making can impact industry 4.0 in achieving supply chain innovation. It can been seen that good
data-driven decision-making will supply chain use industry 4.0 models to bring out new things to
improve the supply chain with the procurement curtains. The aspect of industry 4.0 capabilities
towards supply chain innovation has not been given the needed attention in developing countries,
especially Ghana. Studies such as (Kusi-Sarpong et al., 2021; Donkor et al., 2021), have looked
at industry 4.0 but has not to look it impact on supply chain innovation or even talked about the
mediating role of data-driven decision-making. This study attempts to bridge the gap by examining
the mediating role of data-driven decision-making on the effect of industry 4.0 capabilities on

supply chain innovation in Ghana.

1.3 Objectives of the study
The main objective is to examine the mediating role of data-driven decision-making on the impact
of Industry 4.0 capabilities on supply chain innovation in Ghana. The specific objectives are as

follows:



i. To examine the effect of Industry 4.0 capabilities on supply chain innovation in Ghana.
ii. To investigate the influence of Industry 4.0 capabilities on data-driven decision-making in
Ghana.
iii. To assess the effect of data-driven decision-making on supply chain innovation in Ghana.
iv. To investigate the mediating role of data-driven decision-making in the relationship
between Industry 4.0 capabilities and supply chain innovation in Ghana.
1.4 Research questions
i. What is the effect of Industry 4.0 capabilities on supply chain innovation in Ghana?
ii. Does data-driven decision-making have significant positive influence on supply chain
innovation?
iili. What is the relationship between data-driven decision-making and supply chain innovation
in Ghana?
iv. Can data-driven decision-making mediate the relationship between Industry 4.0

capabilities and supply chain innovation?

1.5 Significance of the study

For organizations, policy makers and educators, Industry 4.0, also known as the fourth industrial
revolution, will have a major impact on business, society and supply chains. In Industry 4.0, supply
chains will be digitized, opening up new opportunities for competitive advantage through new
supply chain structures, new processes, and the ability to use technology to deliver four sessions.
Supply chain management and packaging processes, with the aim of reducing the amount of data

in the supply chain (Meherishi et al., 2022). Supply chain management has shown great importance

10



in improving supply chain performance and promoting organizational performance through
innovation. It continues to improve the assembly process in response to social and technological
change (Hofmann et al., 2019). This will increase the efficiency of supply chain systems,

businesses, and help them operate at a higher level (Shao et al., 2021).

Economic activity in an organization can be measured by its ability to generate value from new
ideas. It makes a great contribution to the success and competitiveness of the organization, but it
also has important problems (De Giovanni and Cariola, 2021). Companies are investing in new
technologies to improve supply chain performance, which help create better information between
supply chain members, and communication and collaboration have also helped (Chauhan et al.,
2021). It has become very important for many businesses in the era of Industry 4.0. Supply chain
integration facilitated by Industry 4.0 reduces implementation time and cost while allowing for

new ideas and faster response times (Chauhan et al., 2021).

Supply chain innovation will help improve operational efficiency and service quality through new
sales and marketing methods that integrate information and communication from Industry 4.0
(Diaz-Chao et al., 2021). One of the biggest challenges for organizations is the impact of
technology, Industry 4.0 helps improve operational efficiency, as well as make informed decisions
(Gupta et al., 2021). Supply chain management and its implications for the supply chain are
discussed by Manavalan and Jayakrishna (2019) on the impact of Industry 4.0 and the role of the
Internet of Things. As a process that combines knowledge, organization, technology, and market
forces, the innovation process is multifaceted. The company's network usage model has changed
by identifying factors that help to implement supply strategies and provide value to customers
(Manavalan and Jayakrishna, 2019). The technical and technological development of Industry 4.0

has contributed to this effort (De Giovanni and Cariola, 2021). Many research studies have proven
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the importance of innovation in supply chain management (Kusi-Sarpong et al., 2021; Donkor et
al., 2021). Finally, the results of this study will encourage the creation of effective policies and
programs for governments to encourage firms to adopt Industry 4.0 technologies to improve supply
chain innovation in their production settings. Therefore, the findings of this study will be useful
for both firms, consumers and other stakeholders involved in the implementation of Industry 4.0

capabilities in supply chain innovation with the help of data-driven decision making.

1.6 Brief Methodology

The study employed the descriptive research design and quantitative approaches in examine the
mediating role of data-driven decision-making of the impact of Industry 4.0 capabilities on supply
chain innovation in Ghana. Data will be collected through the administering of questionnaires.
Close and open-ended questions will be categorized into sections. The study respondents will be
top managers and procurement officers of the sampled firms in Ghana. Three hundred and sixty-
nine (369) firms will be selected using a simple random sampling technique with the help of
Cochran’s (1977) formula of sample size determination. For the data analysis, the data was
analysed in SPSS which will include missing values, validity, explanatory statistics, and
hypothesis testing for multi-dimensional analysis. Subsequently, the data was transferred to
version 3 of SmartPLS (Sarstedt and Cheah, 2019; Hair et al., 2020) to perform predictive
calculations through multivariate data analysis. Which will help examine the mediating role of
data-driven decision-making of the impact of Industry 4.0 capabilities on supply chain innovation

in Ghana. The results will be displayed using tables, graphs, and charts.

1.7 Scope of the study
The study aims to examine the mediating role of data-driven decision-making in the impact of

Industry 4.0 capabilities on supply chain innovation in Ghana. In this context, the study focused

12



on all firms involved in supply chain innovation activities in Ghana. Geographically, firms ready
to use Industry 4.0 technologies to improve supply chain innovation in Ghana are the main target

for this current study. This will caver all firms located in the urban and rural environment in Ghana.

1.8 Organization of the study

The study was structured into five chapters, the first chapter (chapter one) will introduce and
describe the study, the problem statement, the objectives, and the research questions about the
significance and scope of the study. The second section, reviews literature-related definitions and
concepts, research theory and theoretical frameworks, and other authors’ empirical evidence. The
third part discussed the research design, descriptions of study sites, target populations, sampling
and sampling methods, sample sizes, questionnaires, collection procedures, data sources, data
analysis, reliability, and validity from the source. The fourth section contains data analysis and
discussion, and the fifth section finds a summary of the research, conclusions, and

recommendations.
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CHAPTER TWO
LITERATURE REVIEW

2.1 Introduction

Chapter two of this thesis is organized into four main sub-headings. The chapter provides
information organized under conceptual review, theoretical review, empirical review, and finally
the research model and hypotheses development. The Conceptual review section provides
definitions, operationalizations, and how the constructs have been used in this study. The
theoretical review section also provides the theoretical underpinnings of the study. The various
prepositions proposed in this study were depicted using a conceptual framework and various
relationships were well discussed. The Chapter ends with a summary that also highlights the gap

explored in this study.

2.2 Conceptual Review

This section provided definitions, operationalizations, and how the constructs have been used in
this study. The model had three main constructs (industry 4.0 capabilities, supply chain innovation,
and data-drivenn decision making). These constructs had been operationalized in subsequent

sections below (see 2.2.1-2.2.3).

2.2.1 Industry 4.0 Capabilities

Industry 4.0 is a paradigm change in manufacturing that is driven by technology and will digitally
link manufacturing systems in both a horizontal and vertical manner (Yao, Lin, 2016; Lasi, et al.,
2014; Klingenberg, and Antunes, 2017; Liao, et al., 2017). Industry 4.0 has an impact on the whole
company as well as every business unit's desired strategy (Galati and Bigliardi 2019; Schrauf and
Berttram 2016). On a tactical as well as an operational level, new technology breakthroughs or

solutions might alter organizational culture or have an impact on the broader business strategy.
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Industry 4.0, as defined by (OECD, 2016), is the fusion of several technologies that is causing
industrial output to undergo a digital transition. Additionally, industry 4.0 is described as a new
paradigm that enables businesses to advance their competences by fusing the physical and digital
worlds into a holistic setting (Zhou, Liu, and Zhou 2016). It has emerged as a crucial idea in
contemporary production settings (Galati and Bigliardi 2019). Industry 4.0, according to
(Oesterreich and Teuteberg 2016), is the method of expanding the digitalization and automation
of manufacturing environments as well as the growth of the digital supply chain. This enables
better communication, transparency, and traceability for all involved goods, services, and business
partners. Operations and supply chain management might be revolutionized by these technologies.
Erboz, 2017; Lin, et al., 2019; Devi et al., 2021; Klovien, and Uosyt, 2019). According to
(Rennung, et al., 2016), Industry 4.0 is a concept that describes how future consumer needs,
resources, and data will be shared, used, managed, and recycled to produce goods and offer
services more quickly, cheaply, effectively, and sustainably. Additionally, Kusiak (2018) pointed
out that digitization increases corporate processes' transparency, efficiency, and sustainability by
aiming for the dynamic integration of people and machines throughout the whole supply chain.
According to (Constantiou and Kallinikos 2015; Wamba and Queiroz, 2022; Mikalef et al. 2019),
one of the key elements of changes in technology (Industry 4.0) is the generation of large amounts
of data and its analysis, known as big data analytics, for developing crucial insight that has a
positive impact on the dynamic capabilities of firms as well as the ultimate benefit of achieving
competitive advantage. Additionally, Industry 4.0 has enormous potential for adopting
sustainability, which is an increasing concern for international manufacturing businesses,
according to Felsberger, et al., (2022). Industry 4.0 refers to the horizontal and vertical integration

of production environments driven by real-time data exchange and flexible manufacturing to

15



enable customized production. Its other synonyms are smart manufacturing, smart production, or
smart factories (Jabbour et al., 2018). The Internet of Things, cloud computing, big data, and
analytics are among the most commonly referenced advanced digital technologies in the era of
Industry 4.0. (Jabbour et al., 2018). To ensure better communication, transparency, and traceability
for all products, processes, and business partners involved, this study will adopt the definition of
industry 4.0 provided by (Oesterreich and Teuteberg 2016), which defines it as the one that
comprises the increasing digitalization and automation of manufacturing environments as well as

the expansion of the digital supply chain.

2.2.2 Supply Chain Innovation

A supply chain innovation is described as a change (radical or incremental) in the supply chain
network, supply chain technology, or supply chain processes (or combinations of these), which
can occur in a business function, within a business, in an industry, or a supply chain, to improve
new value creation for the stakeholder (Stentoft, and Rajkumar, 2018). The outbound supply
chain's technologically enhanced processes and procedures as well as modifications to the product,
process, or service that either increase efficiency or raise end customer satisfaction are all examples
of supply chain innovation Wong and Ngai, (2019; Shamout (2019). Shamout (2019) asserts that
the ability of logistics companies to adapt innovations that improve shippers' bottom lines is a
critical component of their competitiveness. Supply chain innovation places a focus on market
demands, which can improve value propositions for consumers downstream (Yasmin, 2022).
According to Stoji et al. (2019), supply chain stakeholders will become more successful at
delivering on commitments, meeting standards, and resolving issues as they embrace new
procedures, operational and practices, and invest in new technology systems. Technology

innovation and process innovation are two subcategories of the multifaceted concept of supply
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chain innovation (Heaslip et al., 2018; Yasmin (2022; Gao, and Paton, 2018). Olajide, et al. (2019)
made a case that technological innovation intends to improve the reale tracking technology,
integrated information system, and innovative logistics equipment throughout global supply
chains. In addition, according to Papadonikolaki (2020), technological innovation enables
businesses to increase labour and capital productivity and provide real-time visibility into the flow
of goods, information, and sales data. This enables businesses to improve inventory management
and broaden their value proposition for end users. Process innovation on the other hand, is the use
of new, better techniques, processes, and procedures with the aim of continuously improving a
service quality or lowering its cost, according to Wagner (2008). The successful redesign and
reengineering of the supply chain is a focus of process innovation. Olajide, et al., (2019).
Meaningful process innovations and final value for improved services may be encouraged by
understanding how the supply chain transfers innovation as well as knowledge, according to (Gao
and Paton, 2018). It focuses on operational problems and procedures that improve networking,
distribution, procurement, and other management techniques (Jimenez-Jimenez, et al., 2018). The
definition of supply chain innovation used in this study will be taken from Shamout, 2019; Wong,
and Ngai, (2019) which states that supply chain innovation includes technologically enhanced
outbound supply chain processes and procedures as well as modifications to products, processes,

or services that either increase efficiency or raise customer satisfaction.

2.2.3 Data-driven Decision Making

Data-driven decision-making refers to the practice of utilizing data to support decision-making
and to confirm a course of action before committing to it (S6derlund, 2022). Several variables,
including the organization's goals and the types and quality of data it has access to, will determine

exactly how data may be incorporated into the decision-making process (Varvne, et al., 2020).
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Data is used to benchmark what is already in place, according to Karabacak (2019), so that
companies may better comprehend the effects of whatever decisions they make. Additionally,
Chigoba, 2021 defines data-driven decision-making as the practice of leveraging data to create
well-researched conclusions. Qrganizations may overcome prejudices and make the finest
managerial decisions that are in line with corporate strategy with the aid of contemporary analytics
tools like interactive dashboards. Fundamentally, using verified, studied data to make decisions
rather than winging it is what is meant by data driven decision making (Soderlund, 2022).
However, in order to truly benefit from the data, it must be accurate and pertinent to business
objectives. It used to be a time-consuming process to gather, extract, prepare, and analyse insights
for better data-driven decision making in business. This naturally caused the process to take longer
overall. However, today's customers may evaluate and draw insights from their data even without
extensive technical experience thanks to the development and democratization of business
intelligence tools. The production of reports, trends, visualizations, and insights that aid in the data
decision-making process thus requires less internet technological assistance. (Mukherjee, Ilebode,
2019). Information is treated as a real asset more by businesses that approach decision-making
jointly than by businesses that use alternative, less clear-cut ways (Confrey, and Shah, 2021).
According to Pollard (2018), making decisions based on data can result in the identification of
brand-new, exciting business prospects. According to Lim et al. (2020), data-driven decision-
making tools will enable organizations to connect with new trends and patterns that affect both
their internal operations and the industry in which they operate. Any business may make decisions
that will guarantee they always stay competitive, relevant, and lucrative if they can comprehend
these trends or patterns on a deeper level. Data-driven decision making (DDM) is a new method

of making decisions that are mostly based on verifiable data in a systematic and organized process.
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It has been produced and established as a result of the availability of data and the opportunities
that it provides (Kumar, et al., 2019; Wilton, et al., 2022; Parra et al, 2019). Companies that
effectively use large amounts of data by analysing and presenting information in a way that adds
value will enable managers to make better decisions (Comuzzi and Patel, 2016; Parra et al, 2019).
According to (Cai and Zhu, 2015), organizations need to invest in or make technical breakthroughs
if they want to use data to their advantage and base decisions on it. This study will use Chigoba,
(2021) concept of data driven decision making, which says that it is the process of using data to

create decisions that are well-informed and supported by evidence.

2.3 Theoretical Review

To focus the research direction, two underpinning theories were used as a research foundation in
supporting and addressing the gap, and as a guide to align this research into an appropriate
direction. In this section, the researcher discusses underpinning theories that form the basis to
investigate and study the phenomenon of industry 4.0 capabilities, supply chain innovation, and
data driven decision making. The driving theories of this study are the information processing
theory and systems theory. Theoretical frameworks provide a clear prism or context through which
a subject is studied; it explains the context and the connections between the various factors and

dimensions.

2.3.1 Information Processing Theory (IPT)

The idea of IPT was made to assist with the creation of organizational structures (Galbraith, 1973,
1974). In order to get the best innovation performance, information processing demands and
capabilities should be matched (Premkumar et al., 2005). Information processing requirements are
determined by the various environmental contexts in which the organization is located, whereas

information processing capabilities refer to the configurations of resources, technology
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architecture, and other work units that make it easier to collect, process, and distribute information
(Galbraith, 1973; Tushman and Nadler, 1978). Organizations can use two strategies to support
decision-making and boost performance to deal with environmental dynamism or the frequency of
changes in environmental factors: (1) increase the amount of high-quality information that they
collect to lessen the impact of dynamism; and (2) focus more on enhancing their information
processing capabilities (Fan et al., 2017). IPT has received a recent attention in supply chain
management, technology integration, production management systems, information systems
(Wong et al., 2015), maintenance management (Swanson, 2003), and production control systems
(Cegielski et al., 2012; Fan et al., 2017). Digital technology has frequently been named as the main
component of an organization's information processing capability in earlier research. Premkumar
et al. (2005) propose using information technology support to gain access to information
processing skills based on IPT. Investments in technology-based process enhancement can boost
information processing capacities, according to Melville and Ramirez (2008) (e.g., the adoption of
information technology). According to Cegielski et al. (2012), an organization's information
processing capabilities are its capacity to use and organize information in a way that promotes
decision-making. They view cloud-based infrastructure as a stand-in for these organizational
information processing capabilities. The Internet of Things, cloud computing, big data analytics,
and other industry 4.0 technologies are organized and linked in this research to handle the
necessary amounts of information and so reflect the organization's information processing
capabilities. Additionally, digital supply chain platforms offer avenues for information sharing to
acquire outside information. In other words, supply chain platforms are driven by digital

technology to meet information needs.
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2.3.2 Systems Theory

A systems approach enables comprehension of sociotechnical advancements (Waldman and
Schargel 2006). As a result, it enables analysis of how the technical application affects business
operations. Technology-wise, the proper operation of a supra-system depends on the alignment
and integration of the information systems and technological advancements of its subsystems
(processes/firms). Ensuring efficient connectivity and coordinated information flow, this can
ultimately boost creativity. In other words, it is crucial to take into account the technological
integration of constituent processes (in this case, supply chain activities) to enable harmonic
interactions between processes within the supra system (Mele, Pels, and Polese 2010). Systems
theory can analyse the effects of industry 4.0 enabling technologies on subsystems (individual
supply chain processes/involved firms) and can enable investigating the impact of their potential
capabilities on supply chain (supra system) innovation improvement by highlighting the impact of
connectivity and interrelationships on supply chain innovation. To put it another way, this theory
may be used to analyse how new technology enable substantial integration between specific supply
chain operations and throughout the supply chain (supra system), which may increase supply chain

innovation (Wiengarten and Longoni 2015; Blome, Paulraj and Schuetz 2014; Liu, et al., 2011).

2.4 Empirical Review

This section provided the relationship between the constructs by reviewing the literature on the
findings from earlier related studies. The relationships included industry 4.0 capabilities and
supply chain innovation, and the mediating effect of data driven making on the relationship

between industry 4.0 and supply chain innovation.
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2.4.1 Industry 4.0 Capabilities and Supply Chain Innovation

Hopkins, (2021) did research to examine how supply chain practitioners' experience with industry
4.0 technology drives supply chain innovation. The study made use of primary data from a
descriptive survey of supply chain professionals operating in Australians various industry sectors
and supply chain stages. The research revealed that Australian supply chain businesses are only
just starting to use several Industry 4.0 technologies. The results also revealed a number of notable
disparities between predicted effect and expected investment, with bigger organizations being

deemed to be more digitally prepared than smaller firms.

Fatorachian and Kazemi (2021) investigated how Industry 4.0 might affect SC performance and
conceptualized and developed their results into a practical framework supported by systems theory.
Inductive reasoning was employed to guide the study's exploratory research methodology. An
organized review of the literature was used in the investigation. According to the findings, Industry
4.0 signifies a significant paradigm shift in supply chain management. Future research should
concentrate on examining organizational and cultural aspects that affect the adoption of the

operational viewpoint of Industry 4.0 in supply chain management.

De Giovanni and Cariola (2021) looked at the effects of process innovation strategies on lean
practices and green supply chains. These strategies are implemented by businesses using Industry
4.0 (14.0) technology. Data was gathered from 172 enterprises made up of four production
managers from European organizations and faculty members in the field of SCM. To assess the
data, structural equation modeling (SEM) was employed. The research results showed that
adopting a process innovation strategy built on 14.0 technologies enhances the impact of leanness
on operational performance, which also boosts economic results. Future studies might focus on

finding more innovation tactics that could boost the impacts of leanness, GSCM, and performance.
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Wamba and Queiroz (2022) used a block chain technique to study the influence of Industry 4.0 on
supply chain digitization. A questionnaire was employed to collect data from India and the United
States. PLS-SEM was used to validate the model. The data indicated that there are significant
disparities across countries in the variables that impact block chain innovation and the stage of
dissemination. The study proposed that future studies include additional emerging and developed

nations in order to generalize our findings.

Da Silva et al. (2018) undertook a study to contextualize the problem of technology transfer
directed to the supply chain in the Brazilian Industrial 4.0 Scenario. To create the bibliographic
portfolio, a review of the literature was conducted using a systematic process and criteria.
According to the findings, the supply chain will undergo major changes in the Industrial 4.0
Scenario, including real-time visibility throughout the whole supply chain and continuous

communication between the stages of the chain, among other important changes.

2.4.2 Industry 4.0 Capabilities and Data-driven Decision Making

Bousdekis et al. (2021) did a study that reviewed the literature on data-driven decision-making in
maintenance and outlined future research goals in Greece for data-driven decision-making for
Industry 4.0 maintenance applications. The approach of the literature review was adopted in the
investigation. The findings indicated that, in conjunction with the rise of cyber-physical systems
and cloud technologies for data processing and storage, next-generation maintenance decision-
making would become increasingly responsive and capable of allowing correct and proactive

judgments.

Tripathi et al. (2022) investigated the construction of a data-driven decision-making system in
Industry 4.0 utilizing lean and smart manufacturing concepts. The Taguchi L9 orthogonal array

approach of experimental sign was used. The outcome demonstrated that the created system may
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improve production efficiency and financial profitability while working within constrained limits.
The study found that the efficacy of the created decision-making system may be increased by
combining the lean principle with other process optimization strategies for shop floor management

under various production settings, such as Industry 4.0.

Felsberger et al. (2022) looked at how Industry 4.0 deployment affected the sustainability facets
of European manufacturing industries with a focus on digital transformation. The study employed
a multiple case research approach to examine six European manufacturing firms, including those
involved in the production of electronic components and systems (ECS) and aerospace
manufacturing (AM). The research revealed that the mediation of Industry 4.0 effects on
economic, environmental, and social aspects is provided by the reconciliation of dynamic
capacities. The study made the suggestion that further research should look at how digital process

improvement might lessen variability in manufacturing processes within facilities.

Li et al. (2020) investigated how digital technologies impact economic and environmental
performance in the new era of Industry 4.0. The mediating role of digital supply chain platforms
Data was obtained from 188 Chinese industrial businesses. The data was evaluated using
regression analysis. The findings demonstrated that digital supply chain platforms mediate the
impacts of digital technologies on both economic and environmental performance that the
mediating effects are exacerbated when there is a high degree of environmental dynamism. Future
study may put the concept to the test in developed economies to assess possible disparities in the

use of digital technology and supply chain platforms.

2.4.3 Data-Driven Decision-Making and Supply Chain Innovation
Karaman et al. (2020) performed a study to investigate organizational and environmental

(competition, capital scarcity, and labour organization) aspects that influence enterprises’ supply
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chain innovation activities in Eastern Europe and Central Asia (EECA. Firm-level data from
Business Environment Enterprise Performance Surveys (BEEPS) were used in the study. The data
was evaluated using regression analysis. The findings revealed that the drivers of innovation differ
depending on the kind of innovation activity; as a result, supply chain innovation activities should
target strategic resources that will produce competitive advantages. The research suggested that

future studies use longitudinal data to improve the validity of the results.

Yu et al. (2021) investigated the link between data-driven supply chain orientation (DDSCO) and
company financial performance a moderating influence of innovation oriented complementary
assets (CA-I). A moderated regression analysis was used to evaluate survey data from 329 Chinese
manufacturing enterprises. According to the findings, DDSCO has a considerable financial impact.
Future study should identify and experimentally analyse whether supplementary assets associated
with a DDSCO are also necessary to improve business success, as well as which industries they

are most effective

Bhatti et al. (2022) investigated the influence of organizations' big data analytic capability on
supply chain innovation. Data was acquired from 386 Pakistan industrial enterprises and tested
using structural equation modelling. The findings revealed that big data analytics has a substantial
impact on supply chain innovation. The study suggested that future studies include other
stakeholders in the interaction and investigate how the big data analytic capability of enterprises

from any sector might influence the inventive capacities of buyers or suppliers.

Belhadi et al., (2021) study the direct and indirect impacts of artificial intelligence (Al), supply
chain resilience (SCRes), and supply chain performance (SCP) in the setting of supply chain
dynamics and uncertainties. Data was obtained from 279 firms of varying sizes working in diverse

industries in North Africa, South Europe, and Southern Asia. Data was analysed using a structural

25



equation modelling (SEM) technique. The findings revealed that, while Al has a direct influence
on SCP in the near term, it is advised that it be used to develop SCRes for long-term SCP. To get
deeper insights, future research should investigate additional linkages and phenomena using a

combination of qualitative and quantitative approaches.

Rodriguez and Da Cunha (2018) performed research to determine the characteristics of big data
and predictive analytics used in sustainable supply chain innovation, as well as to investigate the
impact of absorptive capacity. The study used a literature review technique. The findings
demonstrated that big data and predictive analytics have an impact on long-term supply chain
innovation. The study suggested that more research be conducted to either expand the sample
dimension or establish an action research approach for thoroughly testing the framework inside a

real firm.

2.4.4 The mediating Role of Data Driven Decision Making

Ghasemaghaei et al. (2019) investigated the influence of each big data feature (data volume, data
velocity, data variety, and data veracity) on firm innovation competency (exploitation competency
and exploration competency), as mediated through data-driven insight creation (i.e., descriptive
insight, predictive insight, and prescriptive insight). Data was gathered from 280 middle and
upper-level executives at national market research organizations in the United States. The
Structural equation modelling technique was used to analyse the data. The findings revealed that
while data-driven insight (descriptive and predictive insights) improves innovation capability,
prescriptive insight does not. Future study should take into account not just the beneficial benefits

of big data on business results, but also their potential non-significant consequences.

Chaudhuri et al. (2021) explored how a data-driven culture influences process performance and

product innovation, resulting in improved organizational overall performance and increased
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commercial value. The study used a survey with 513 usable replies from workers of the Bombay
Stock Exchange in India. The data was analysed using the PLS-SEM method. The results showed
that an organizational data-driven culture has a significant moderating effect on product innovation
and process improvement. Further research might be conducted on different organizations
throughout the typological, geographical, and industry spectrums, allowing for comparisons and

more generalization.

Usama Awan et al. (2021) looked at the link between big data analytic competence and circular
economy performance and the mediating function of data-driven insights in the relationship
between big data analytic capability and decision-making. Partial least squares structural equation
modelling was used to examine data from 109 Czech manufacturing companies. The findings
showed that decision-making quality in businesses is driven by big data analytic capacity and is
not mediated by data-driven insights. The association between big data analytic capabilities and
environmental and innovation performance may be studied further in future research to examine

the mediating role of circular economy performance.

El Hilali et al. (2021) investigated the mediating function of big data analytics in increasing
organizations' commitment to sustainability. The research used a quantitative method with 41
Moroccan enterprises from various industries. Using a method known as Partial Least Squares-
Structural Equation Modelling (PLS-SEM). The findings revealed that technical abilities such as
big data analytics do not play a significant impact and do not enhance the mediating role of big
data in terms of sustainability. Future research might include widening the scope of the study by

seeking firms from different industries and regions to participate in our poll.
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2.5 Conceptual Framework

The section explains the conceptual framework and underlying assumptions that relate the industry
4.0 and supply chain innovation as well as how data driven decision making affect the relationship.
The study examined the direct effect of industry 4.0 on supply chain innovation and the indirect

role of data driven decision making in the industry 4.0 and supply chain innovation link.

H1
" b Supply Chai
Data Driven upply Chain
Industr.y. L-LO »  Decision > Innovation
Capabilities Making

Figure 2.1 Conceptual Framework
This section discussed the four key hypotheses as shown in Figure 2.1 above. Subsections have

been created and discussed for each of the hypotheses as illustrated by the research model.

2.5.1 Effect of Industry 4.0 Capabilities on Supply Chain Innovation

Multiple cutting-edge tools and technologies are used by Industry 4.0, helping to reinvent
traditional industrial processes (Ghadge, et al., 2020). In order to become more digital, automated,
and flexible in their operations, supply chains are making significant progress. In order to create
effective, transparent, adaptable, and robust systems at many phases of the supply chain, including
new product development, production, procurement, planning, logistics, and marketing, today's
digital supply chain innovation uses a variety of technologies (Ghadge, et al., 2020). The value
chain's entire performance is improved, and risks are decreased, thanks to Industry 4.0-enabled

features including highly structured interconnections and real-time monitoring and management
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of materials, equipment, and supply chain parameters (Luthra and Mangla, 2018). The adoption of
Industry 4.0 technology also caused these networks' business models and management approaches
to change (Kiel, et al., 2020; Ghobakhloo, 2018). According to Luo, Shi, and Venkatesh (2018),
many organizations are already using information technologies through E-Business solutions to
improve their operational excellence and supply chain innovation. They are also searching for the
application of novel and innovative technologies to improve their process innovation and analytic
capabilities. As these technologies are predicted to transform supply chain management by
bringing about advanced levels of connectivity and comprehensive innovation, they are seen as a
promising strategy for addressing the innovation challenge (Kache and Seuring 2017). This will
result in significant performance improvements for the supply chain (Shrivastava, lvanaj and

Ivanaj 2016). In light of the aforementioned literature, this study proposed that:

H:. Industry 4.0 capabilities has a positive and significant effect on supply chain innovation.

2.5.2 Effect of Industry 4.0 on Data Driven Decision Making

Industry 4.0 is a vision of the future of manufacturing and industry in which information
technologies will increase efficiency and competitiveness by integrating every resource (people,
data, and equipment) in the Value Chain (Politecnico di Milano 2017). One of the primary
foundations of Industry 4.0, the fourth generation of manufacturing, which employs ideas like
decentralized decision-making, virtual replicas of actual equipment and processes, and cyber-
physical systems to build a smart factory or "Factory 4.0," is data (Miragliotta, et al., 2018).
Industry 4.0's six Cs—connection (sensors and networks); cloud (computing and on-demand);
cyber (model and memory); content/Context (meaning and correlation); community (sharing and
cooperation); and customization can be used to highlight the influence of big data (personalization

and value). The Industrial Internet of Things is essential to this new paradigm (loT). 10T enables
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businesses to more quickly collect data about processes and goods, to have global awareness of
the whole supply chain, to work with more intelligent operations that enable quick decision-
making, and more (IDC Digital Universe 2014). According to a number of studies by McKinsey,
the next frontier for fostering innovation, competitiveness, and development in manufacturing is
the efficient extraction and exploitation of the information encoded in data (McKinsey, 2011,

2015). Consequently, this study hypothesizes that:

H>. Industry 4.0 capabilities have positive and significant effect on data-driven decision making.

2.5.3 Effect of Data-Driven Decision-Making on Supply Chain Innovation

By identifying trends in past data, such as variances in sales of various items and client purchasing
preferences, supply chains may get data-driven insights. For instance, businesses can utilize
straight-forward methods like plotting data to find trends, regression analysis to determine the
relationship between various factors, or data visualization to make the data easier to grasp (Pusala,
Salehi, Katukuri, Xie, and Raghavan, 2016). The capacity of a supplier to effectively develop new
items or expand existing product lines may be improved by these descriptive data creation
processes. Supply chain companies may also combine vast volumes of data from several sources
to forecast upcoming occurrences and trends (Ghasemaghaei et al., 2016). This predictive
information enables businesses to anticipate their sales patterns and overall performance, which
may result in the creation of new items or the improvement of current ones (Ghasemaghaei, and
Calic, 2019). Online retailers, for instance, can estimate consumer behaviour when designing new
items by using customer online activity, customer purchase history, such as page visits and time
spent on each page, to produce predictive data (Dawson, 2021). Additionally, by producing
prescriptive data and knowing the optimum course of action, businesses may optimize their

exploration or exploitation operations (Ghasemaghaei, and Calic, 2019). For instance, businesses
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may utilize simulations to evaluate various situations and identify the best answers for improving
their present goods (Selvan, and Balasundaram, 2021). As a result, supply chain companies that
collect business data successfully are able to enhance their innovation capability. In this

perspective, the study suggests that:

Hs. Data-driven decision-making has a positive and significant effect on supply chain innovation.

2.5.4 The Mediating Role of Data-Driven Decision Making

Data-driven decision making is working toward major business objectives by employing verified,
evaluated data rather than just guessing (Soderlund, 2022). Firms, for example, analyse data to
comprehend current occurrences, examine why something happened in the past, and discover
accurate predictions of future events. According to a recent survey, 49 percent of organizations
believe that the greatest benefit of using big data is to improve corporate decision quality (Al
Kuwaiti et al., 2018). Firms claimed that processing and analysing big data has greatly improved
their outcomes, according to Henke et al. (2016). Credit-card companies, for example, can use
large data warehouses to select prospects who are most likely to become customers, or they can
use a "ready-to-market" database that allows a system to analyse an issue and make a personalized
offer in milliseconds, or they can optimize offers over time by tracking responses to predict future
decisions (Camilleri, 2019). According to Henke et al. (2016), technological improvements have
enabled most businesses to gather and process data in high volume, velocity, and diversity.
Furthermore, Davenport et al. (2001) discovered that data and information are components of an
intrinsic value system that rewards data-driven decision making. Furthermore, Chatterjee et al.,
(2021) said that data-driven decision making enables a company to efficiently shift its business
model toward product innovation. Based on the literature reviewed, the study proposes the

following hypothesis:
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Hs. Data-driven decision making mediates the industry 4.0 capabilities and supply chain

KNUST

innovation relationship.
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Author/Year Country Purpose Theory Method Findings Future Studies
Fatorachian and England To investigate how | Systems Theory Exploratory Industry 4.0 Future research
Kazemi (2021) Industry 4.0 might research signifies a examines
affect SC (Qualitative) significant paradigm | organizational and
performance shift in supply chain | cultural aspects that
management affect the adoption
of the operational
viewpoint of
Industry 4.0 in
supply chain
management.
Hopkins, (2021) Australia To examine how Quantitative Australian supply

supply chain
practitioners'
experience with

industry 4.0

chain businesses are
only just starting to
use several Industry

4.0 technologies
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technology drives
supply chain

innovation.

De Giovanni and

Cariola (2021)

Europe

To look at the
effects of process
innovation
strategies on lean

practices and green

Quantitative

Adopting a process
innovation strategy
built on 14.0
technologies

enhances the impact

Future studies might
focus on finding
more innovation
tactics that could

boost the impacts of

supply chains of leanness on leanness, GSCM,
through industry operational and performance
4.0. performance

Wamba, S.F., and India and United To study the Innovations theory, | Quantitative There are Future studies can

Queiroz (2022) States influence of the resource-based significant include additional
Industry 4.0 on view, and dynamic disparities across emerging and
supply chain capability. countries in the developed nations
digitization. variables that in order to
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impact block chain
innovation and the
stage of

dissemination

generalize our

findings.

Da Silva et al. Brazil To contextualize the | Technology transfer | Qualitative the supply chain

(2018) problem of (TT) Theory will undergo major
technology transfer changes in the
directed to the Industrial 4.0
supply chain in the Scenario, including
Brazilian Industrial real-time visibility
4.0 Scenario.

Bousdekis et al., Greece To review the Qualitative Next-generation

(2021)

literature on data-
driven decision-

making in Industry

maintenance
decision-making

would become
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4.0 maintenance increasingly
applications responsive

Felsberger, et al. Europe To look at how Qualitative mediation of Further research

(2022) | Industry 4.0 Industry 4.0 effects | should look at how
deployment affected on economic, digital process
the sustainability environmental, and | improvement might
facets of European social aspects is lessen variability in
manufacturing provided by the manufacturing
industries with a reconciliation of processes within
focus on digital dynamic capacities | facilities.
transformation

Li et al. (2020) China To investigate how | Information Quantitative Digital supply chain | Future studies may

digital technologies
impact economic
and environmental

performance in the

processing theory

platforms mediate
the impacts of
digital technologies

on both economic

put the concept to
the test in developed

economies.
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new era of Industry

4.0

and environmental

performance

Karaman et al.

(2020)

Eastern Europe and

Central Asia (EECA

To investigate
organizational and

environmental

Resource advantage

theory

Quantitative

Drivers of
innovation differ

depending on the

Future studies can
use longitudinal

data to improve the

aspects that kind of innovation | validity of the
influence activity results.
enterprises’ supply
chain innovation.

Yuetal. (2021) China To investigate the Quantitative DDSCO has a Future studies

link between data-
driven supply chain
orientation
(DDSCO) and
company financial

performance.

considerable

financial impact.

should
experimentally
analyse whether
supplementary
assets associated

with a DDSCO are
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also necessary to
improve business

SUCCesS.

Bhatti et al. (2022)

Pakistan

To investigate the
influence of
organizations' big
data analytic
capability on supply

chain innovation.

RBV and dynamic

capabilities theory.

Quantitative

Big data analytics
has a substantial
impact on supply

chain innovation.

Future studies
should include other
stakeholders and
investigate how the
big data analytic
capability of
enterprises from any
sector might
influence the
inventive capacities
of buyers or

suppliers.
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Belhadi et al.,

(2021)

North Africa, South
Europe, and

Southern Asia

To investigate the
effect of artificial
intelligence (Al),
supply chain
resilience (SCRes),
and supply chain
performance (SCP)
in the setting of
supply chain
dynamics and

uncertainties.

Organizational
Information
Processing Theory

(OIPT)

Quantitative

Artificial
intelligence has a
direct influence on
supply chain

performance.

Future research
should investigate
additional linkages
and phenomena
using a combination
of qualitative and
quantitative

approaches

Ghasemaghaei et al.

(2019)

United States

To investigate the
influence of each
big data on firm
innovation

competency as

Organizational
learning theory and
Gestalt insight

learning theory

Quantitative

Data-driven insight
(descriptive and
predictive insights)
improves innovation

capability.

Future study should
take into account
the non-significant
consequences of big

data analytics.
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mediated through
data-driven insight

creation.

Chaudhuri et al. India To explore how a RBV Quantitative An organizational Further research
(2021) data-driven culture data-driven culture | might be conducted
influences process has a significant on different
performance and moderating effect organizations
product innovation. on product throughout the
innovation and typological,
process geographical, and
improvement. industry spectrums.
Usama Awan et Czech To look at the Quantitative Big data analytic

al., (2021)

mediating function
of data-driven
insights in the

relationship

capacity is not
mediated by data-

driven insights.
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between big data
analytic capability
and decision-

making.

El Hilali et al.,

(2021)

Morocco

To investigate the
mediating function
of big data analytics
in increasing
organizations'
commitment to

sustainability.

Quantitative

Technical abilities
such as big data
analytics do not
play a significant
impact and do not
enhance

the mediating role
of big data in terms

of sustainability.

Future research
might include
widening the scope
of the study by
seeking firms from
different industries

and regions
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CHAPTER THREE

RESEARCH METHODOLOGY
3.1 Introduction
The study examines the mediating role of data-driven decision-making in the impact of Industry
4.0 capabilities on supply chain innovation in Ghana. This chapter provides details of the research
methodologies used to solve the research topic and accomplish the study's
objectives. Consequently, this section of the study deals with the research design and approach,
study population, sample size, sampling technique, source of data, research instrumentation and
data collection procedure, validity and reliability, and ethical consideration.
3.2 Research Design
The positivism research philosophy is the underpinning philosophy for this study. The choice of
the positivist approach is justified by the fact that the study examined the mediating role of data-
driven decision-making of the impact of Industry 4.0 capabilities on supply chain innovation in
Ghana, all the variables are measurable and can be overserved numerically and hence is considered
to fit well with the objectives of the research study. Subsequently, the study employed quantitative

methods of data collection in a single study according to the nature of the study.

The quantitative research approach was chosen on the basis that it produces accurate and
measurable data that can be generalized to a broader population (Goertzen, 2017). Aside from that,
it is ideal for evaluating and verifying already known concepts about how and why events occur
by testing hypotheses developed before data collection. In general, quantitative research is
regarded as a deductive approach to the investigation (Ragab and Arisha, 2018). The study

combines both descriptive and explanatory research types. While the descriptive provides a
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description of the constructs in the model. The explanatory research will also aid in examining the
mediating role of data-driven decision-making of the impact of Industry 4.0 capabilities on supply
chain innovation in Ghana. Finally, the study employs the cross-sectional survey design where
deductive reasoning is applied to the quantitative data (Cohen, Manion, and Morrison, 2017). The
survey design allows the collection of data from different units over a specific period. Since the
study is conducted over a limited time period, the cross-sectional survey is deemed more
appropriate to examine the mediating role of data-driven decision-making of the impact of Industry
4.0 capabilities on supply chain innovation in Ghana.

3.3 Population of the Study

Etikan, Musa, and Alkassim (2016) defined population as the range of the instances, persons, or
objects that are the focus of a study. The population consists of a diverse variety of persons from
whom a sample should be drawn (Shamsuddin et al., 2017). The study’s population comprised all
senior managers of manufacturing firms in Ghana.

3.3 Sample and Sampling Techniques

The nature of the study and the research design, according to Kothari (2012), determine the number
of study participants who should be included in the sample. In obtaining the sample size in a given
population, three main methods for estimating a sample size can be identified. Firstly, the sample
size can be calculated by using formulas (Israel, 1992). Secondly the use of a published statistical
table to estimate the sample size, for instance, the published statistical table of Krejcie and Morgan
(1970) and Cohen et al., (2013, 2009). Lastly, a researcher can decide to utilize census methods
by collecting data from the entire population. The nature of the study and the research design,
according to Kothari (2012), determine the number of study participants who should be included

in the sample. In obtaining the sample size in a given population, three main methods for estimating
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a sample size can be identified. For this study, sample size determination will be established from
Singh andMasuk u’s (2014) formula of sample size determination.

Z*(P)(1=P)
R=T

Where Z= the standard normal deviation set at a 95% confidence level
P=percentage picking a choice or response (50%)
C=Confidence interval

__ (1.96)2(0.50)(1-0.50)

the n
0.052

n=384.16

n~384

Based on the formula, 384 managers of firms in Ghana are drawn for the study. The processes
used to choose a sample for a research endeavour are referred to as sampling techniques.
Probability procedures and non-probability procedures are the two types of sampling procedures
(Taherdoost, 2016). For this investigation, a purposive sampling strategy is used. This approach
was selected because the target population included senior managers of firms in Ghana.

3.4 Data and Data Collection

This study dwelled on the use of primary data that was collected using primary data. The data was
gathered using a questionnaire. The questionnaire was designed in two parts. The first part
contained the demographic information of the respondents. The second part contains questions on
variables. A five-point Likert scale was used to code the responses, with 1 denoting "strongly
agree," 2 denoting "agree," 3 denoting "uncertain," 4 denoting "disagree," and 5 denoting "strongly

disagree."
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In the survey, participants were asked to choose a number from 1 to 5 that best represented their
thoughts on each statement. The items used to measure the constructs are included in the appendix.
Though the items were already validated and tested in previous studies, this study will also conduct
different types of validity and reliability of the items to ensure the final results are reliable. To
encourage participation, each questionnaire was accompanied by a cover note from the researcher
clarifying the aim of the study as well as soliciting respondent involvement in the study; it as well

assured confidentiality y of the selected participants and briefly introduce the research work.

3.5 Validity and Reliability

To ensure external validity, the participants were randomly selected to avoid selection bias. The
selected participants were assured of the benefits of the study to the organization to ensure a
minimum dropout rate. Both the content and the construct validity of this study were also ensured.
The validity and reliability of a research study are two research criteria for consistency (Straus,
2017). An alpha coefficient of 0.70 is used as a cut-off point for assessing the internal consistency
of the research item and scales to guarantee study reliability (Singh, 2017; Hair, Biasutti, and Frate,
2017)). To eliminate logical flaws and biases in the study, the researcher emphasizes the validity
and reliability of the results. This was done by adopting all of the constructs and conducting a pilot

study using ten employees from the company.

3.6 Method of Data Analysis

The method of data analysis forms an essential component of any research such that the choice of
the method of analysing data plays important role in the quality of findings, conclusions, and
recommendations that are drawn from the data. Being a quantitative study, this study employed
multiple quantitative techniques in analysing the data to fulfill the goal outlined in chapter one.

After gathered was gathered, all the data was compiled in excel for scrutiny. After the scrutiny, a
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few questionnaires that were found incomplete were discarded. The analysis employed Statistical
Package for Social Sciences (SPSS) version 26.0. The Statistical Package for Social Sciences
(SPSS) was used for the analysis such as frequencies, means, standard deviations, independent
sample t-test, and correlation analysis. Smart PLS SEM was used for the inferential analysis to test

the various hypotheses proposed in the model.

3.7 Ethical Consideration

A consent form was presented to the authorities of all respondents to inform them of all benefits
and risks involved in the participation and further sought their consent for their inclusion in the
study. Selected farmers had the right to decline their participation in the study. The researcher
indicated in the consent form that all forms of anonymity and confidentiality would be observed.
Privacy of farmers in terms of freedom to define the time, extent, and conditions of sharing
information was also observed. The researcher avoided any form of action in their relation with
participants that amounts to deception. All forms of plagiarism and falsification of data were also
avoided by the researcher.

3.8 Profile of Organization

Given that developed as well as developing nations manufacturing sector accounts for the largest share of
the industrial sector (Haraguchi, Cheng, and Smeets, 2017). The manufacturing industries refer to those
industries which involve the manufacture and processing of articles and indulge in either creating new
commodities or adding value (Pfeiffer, 2017). Dangelico and Vocalelli (2017) describe the term as a
manufacturing and marketing segment focused on the manufacture, processing, or preparation of raw
material and commodity products, the finished products could be used both as a finished good of production
or for sale to customers (Xu, Serrano, and Lin, 2017). Whereas, as per Hitomi (2017), a manufacturing
sector could be seen as an economic activity wherein, on a large scale, the material is converted into finished

products (Kayanula and Quartey 2000). Added to that, the National Manufacturing Association (USA)
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proposed the term as the firms engaged in the manufacturing and processing of products.

In its industry report, the Ghana Statistical Service (GSS) proposed the term as a collection of activities
associated with goods and services. The Ghana Enterprise Development Commission (GEDC) has
described the manufacturing sector in aspects of their machinery and plants. However, Kayanula and
Quartey (2000) brought up the underlying potential risk of prioritizing a fixed asset and the potential impact
of inflation on valuation, in specific by adopting criteria for fixed assets. The indigenous manufacturing
industry supports local businesses and employs a major section of the increasing workforce. Manufacturing,
food processing, construction, a small glass industry, textiles and clothing, chemicals and pharmaceuticals,
metal processing, furniture and wood products, and leather and footwear are among Ghana's most important
manufacturing industries (Addo, 2017).

Among the issues that have plagued this industry is that most manufacturers have not kept up with
technological advancements and have failed to invest in new and modernized equipment, resulting in higher
electricity usage (Abor and Quartey, 2010). Inadequacies in terms of innovation, knowledge inadequacies,
financial constraints and the quality of locally produced items, as well as operational inefficiencies, and
insufficient knowledge are just a few of the identified constraints faced by small and medium scale

enterprises (Abor, 2015; Oppong et al., 2014; Quartey et al., 2017; Sitharam and Hoque, 2016)
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CHAPTER FOUR

DATA ANALYSIS, RESULTS, AND DISCUSSION
4.0 Introduction
The fourth chapter provides an analysis of the data presented in the third chapter. This chapter is
divided into four parts. The first chapter presents the findings from the exploratory data analysis,
while the second presents demographic data. Research variables were analysed both descriptively
and correlational. The final portion contains the Confirmatory Factor Analysis and the model fit
index. The research hypotheses are put to the test using a regression model. Most importantly, the
outcomes are discussed at the end.
4.1 Exploratory Data Analysis
The first analysis of the data was purely exploratory. Initial data quality was evaluated by
exploratory factor analysis. The most common software was SPSS. Subsections include response
rate, non-response bias, and normal procedure bias or variance. The sections below detail the tests
and interpretations used to first evaluate data quality.
4.1.1 Response Rate
In most cases, the survey response rate is represented as a percentage. It is calculated by dividing
the total number of surveys distributed by the total number of respondents. In most cases, a survey
response rate of 50% or above should be considered exceptional. Data collection lasted more than
one month, from 20th October 2022 to 20th November 2022. From the study, the sample estimated
was 384, but 400 questionnaires were administered to check for response rate. After evaluating the
individual questionnaires for acceptability, 326 were deemed to be useable, yielding an 81.5%
response rate, which is adequate for analysis, according to prior research (Sun et al., 2022; Lépez,

2022; Lavidas et al., 2022), as shown in Table 4.1 below.
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Table 4.1: Data Response Rate

Distributed Collected Percentage of Usable
Response 326 81.5
Non-Response 74 18.5

Total 400 100.0%

Source: Field Data, 2022

4.1.2 Test for Common Method Bias and Sampling Adequacy

Due to the potential for a change in the relationship among predictors and the dependent variable
if just one participant is used in a survey, CMB testing is required (Podsakoff and Organ, 1986;
Bahrami et al., 2022). Consequently, inaccurate assumptions. Consistency and social acceptance
were identified as CMB by Podsakoff et al. (2003). CMB data output might be lowered using a
variety of techniques. Exploratory Factor analysis verified Harman's single component technique
by demonstrating that fewer than 50% of the variance could be accounted for by a single factor. A
49.3% variance was accounted for by the principal components.

Table 4.2: Test for Common Method Variance (CMV)

Initial Eigenvalues Extraction Sums of Squared Loadings
% Of Cumulative % Of Cumulative
Component Total Variance % Total Variance %
1 7.886 49.290 49.290 7.886 49.290 49.290
2 1.788 11.173 60.462 1.788 11.173 60.462
3 1.393 8.704 69.166 1.393 8.704 69.166
4 .880 5.498 74.665
5 586 3.664 78.329
6 509 3.179 81.508
7 439 2.742 84.250
8 424 2.652 86.902
9 376 2.351 89.253
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10 345 2.156 91.408

11 312 1.949 93.357
12 .263 1.643 95.000
13 243 1.521 96.522
14 213 1.331 97.853
15 179 1.117 98.969
16 .165 1.031 100.000

Extraction Method: Principal Component Analysis.
Source: Field Data, 2023

4.1.3 Bartlett’s Test of Sphericity and KMO Test

Bartlett and Kaiser-Meyer-Olkin (KMO) test determined sphericity. As demonstrated in Table 4.3,
Bartlett's test suggests statistical significance (Approx. Chi-Square = 3241.636, df: 120, Sig. =
0.000), and Kaiser-Meyer-Olkin sampling accuracy is 91.7%. The results confirm sample validity.

Table 4.3: Bartlett’s Test of Sphericity and KMO Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. 917
Bartlett's Test of Sphericity Approx. Chi-Square 3241.636
df 120
Sig. .000

Source: Field Data, 2023
4.1.3 Non-Response Bias
Non-response bias was investigated. Non-response bias results from fewer survey responders than
population members. If survey response rates are poor, non-response bias may affect sample
validity and generalizability. Early and late replies were compared to reduce non-response bias.
Oppenheim (2001) required that “early responders™ and "late responders"” have identical input

variables to use the same model. This shows the sample was representative of the population. Both
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early and late responses scored 163. T-tests assessed non-response bias. Inconclusive t-test
findings (see Table 4.4). First- and last-month construct data were identical.

Table 4.4 Results of Independent-Samples t-Test for Non-Response Bias

Levene's Test for Equality of VVariances

Group Mean F Sig. t
Green Design Sustainability 1 1453 0.042 0.838 -0.144
2 14.61 -0.144
Green Innovation 1 26.93 0.004 0.95 -0.038
2 26.96 -0.038
Environmental Performance 1 3452 0.138 0.71 -0.276
2 34.79 -0.276

Source: Field Survey (2023)

4.2 Profile of the Respondents

This section includes the demographics of the respondents in order to provide information about
the persons and companies that participated in the study. The respondent's gender, age, educational
background, position, experience, number of employees, number of products, and age of
organizations are the most important information collected.

Table 4.2: Profile of the Respondents

Variables Categories Frequency Percent
Gender Female 156 47.9
Male 170 52.1
Age 18 - 30 Years 86 26.4
31-40 Years 127 39.0
41 - 50 Years 89 27.3
Above 50 Years 24 7.4
Education Bachelor Degree 78 23.9
Diploma 90 27.6
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Graduate Studies (Master / Ph.D) 33 10.1

HND 1 0.3
Junior High School 38 11.7
Senior High School 86 26.4
Position Business Owner 83 255
Business Owner and Manager 151 46.3
Employee (proxy) 13 4.0
Manager 45 13.8
Production Manager 33 10.1
Sales executive 1 0.3
Experience 1-5 Years 95 29.1
11-15 Years 86 26.4
16 Years and Above 44 135
6-10 Years 101 31.0
Employees 30-99 employees 33 10.1
6-29 employees 160 49.1
Less than 5 employees 124 38.0
More than 100 9 2.8
Products 1-2 Products 94 28.8
3-5 Products 99 30.4
More than 5 Products 133 40.8
Operations 1-5 Years 95 29.1
6-10 Years 105 32.2
More than 10 Years 126 38.7
Total 326 100.0

Source: Field Data, 2022

Table 4.2 reveals that 47.9% of the 326 respondents were female, 52.1 were male. Males
outnumbered females in the research. 26.4% were 18-30, 39.0% were 3140, 27.3% were 41-50,
and 7.4% were above 50. Most respondents were 31-40 years old. 23.9% held a bachelor's degree,
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27.6% a diploma, 10.1% a master's or doctorate, 0.3% HND, 11.7% JHS, and 26.4% SHS. Most
respondents had degrees. 25.5 percent were company owners, 46.3% business owners and
managers, 4.0% employee (proxy), 13.8% managers, and 10.1% production managers. Results
showed that most respondents were company owners and managers. 29.1 percent of 326
respondents said 1-5 years, 26.4 percent said 11-15 years, 13.5 percent said 16+ years, and 31.0
percent said 6-10 years. Most questionnaire respondents were 6-10 years experienced. 10% had
30-99 personnel, 49.1% had 6-29, 38.0 percent had fewer than 5, and 2.8 percent had more than
100. Most responding organizations had 6-29 workers. 28.8% operate 1-2 products, 30.4%
operate 3-5, and 40.8% operate more than 5. The data reveals that most businesses have more than
5 products. 29.1% have been in business 1-5 years, 32.2 percent 6-10 years, and 38.7% 10+ years.
Most of the responding firms have been operational for more than 10 years.

4.3 Correlation Analysis

The correlation coefficients between data-driven decision making and industry 4.0 (r =0.461, P <
0.05), data-driven decision making and SC innovation (r = 0.668, P < 0.05), and industry 4.0 and
SC innovation (r = 0.516, P < 0.05) are all very high in Table 4.3. A correlation value of 0-0.30
indicates a weak link, 0.30-0.70 a moderate correlation, and 0.70—1.0 a strong correlation. The
variables are strongly correlated.

Table 4.3: Descriptive and Correlation Analysis

Construct 1 2 <)
Data-Driven Decision-Making 1.000

Industry 4.0 0.461 1.000

Supply Chain Innovation 0.668 0.516 1.000

Source: Field Data, 2023
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4.4 Confirmatory Factor Analysis

Validity assessment of research models is crucial. The study's authors utilised Cronbach's alpha
and the Composite reliability test to evaluate the model's consistency. To test the reliability of the
model, we employed AVE and indication loadings. Cronbach's alpha was calculated to be 0.7, and
a composite reliability score was utilised to examine the degree to which the various constructs in
this research were consistent with one another. Table 4.7 shows that both Cronbach's alpha and
the composite reliability index are higher than .80 (Hair, et al., 2016). The properties of the
measurement model are supported by these results. There was no sign with loading below 0.7.
Convergent validity may be established. For AVE values over 0.5, convergent validity was
established. (Take a look at Table 4.7.) Table 4.7 shows that the T T-testound all of the variables
to be statistically significant at the 1.96-percentile level and Sig. < 0.05. Check out Table 4.7 for
more descriptive statistics. Calculated as: (Mean and Standard Deviation). The average in the table

ranges from 3.512 to 4.016. The range of standard deviations was 1.066-1.389.
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Table 4.7: Confirmatory Factor Analysis

Scales Codes Outer Mean  Std. Skewness T statistics P VIF
Loadings Dev. (|O/STDEV|) values
Data-Driven Decision-Making (CA =0.922; CR =0.926; DDDM1 0.810 3.873 0.926 -0.733 22.416 0.000 2.198
AVE =0.763) DDDM2 0.884 4.01 0.881 -0.842 58.833 0.000  3.266
DDDM3 0.880 4.09 0.861 -0.804 43.821 0.000 2.965
DDDM4 0.891 4063  0.875 -0.963 60.778 0.000  3.530
DDDM5 0.900 4083  0.858 -0.925 66.137 0.000  3.343
Industry 4.0 (CA =0.854; CR = 0.868; AVE = 0.694) 14.01 0.794 3973 0.852 -0.956 20.691 0.000  1.875
14.02 0.856 3.987 0.783 -0.521 43.286 0.000 2.213
14.03 0.840 3.867  0.873 -0.643 40.124 0.000  1.795
14.04 0.841 3.95 0.817 -0.645 34.685 0.000  1.989
Supply Chain Innovation (CA = 0.900; CR =0.901; AVE SCIN1 0.820 3.92 0.872 -0.693 27.082 0.000 2.821
= 0.626) SCIN2  0.809 3.937  0.808 -0.799 27.996 0.000 2.761
SCIN3  0.772 4.043  0.776 -0.506 22.366 0.000 2.126
SCIN4  0.797 3.983 0.785 -0.801 30.110 0.000 2.525
SCIN5  0.801 3973  0.832 -0.612 31.964 0.000 2.574
SCIN6  0.795 3.97 0.797 -0.58 27.871 0.000 2.554
SCIN7  0.743 4.03 0.802 -0.64 24.085 0.000 1.719

Source: Field Data, 2023
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4.3.1 Discriminant Validity

The study also examined the differences between constructs (Hair et al., 2010; Henseler et
al., 2016b). When assessing discriminant validity, each latent variable's square root of the
AVE (diagonal value) must be bigger than the construct's maximum correlation. Table 4.8
shows discriminant validity. Again, multicollinearity is not present (Byrne, 2013).
Discriminant validity has been proven as all of the HTMT values are below 0.90 or 0.85, as
shown in Table 4.8. Discriminant Validity Using HTMT Table 4.8. HTMT and Fornell and
Larcker criteria showed discriminant validity. Table 4.8 reveals that data-driven decision
making is 0.874 with itself, 0.461 with industry 4.0, and 0.668 with SC innovation. Industry
4.0 was 0.833 with itself and 0.516 with SC innovation. SC innovation correlated 0.791.

Table 4.8: Fornell-Larcker criterion

Construct 1 2 3
Data-Driven Decision-Making 0.874

Industry 4.0 0.461 0.833

Supply Chain Innovation 0.668 0.516 0.791

Source: Field Data, 2023

Table 4.9: Heterotrait-Monotrait Ratio (HTMT)

Construct 1 2 3
Data-Driven Decision-Making

Industry 4.0 0.509

Supply Chain Innovation 0.729 0.576

Source: Field Data, 2023

4.3.2 Model fitness indices

The values for the Extracted-Index Fitness, SRMR, Root Mean Square of Approximation,
and Chi-Square are all appropriate (Table 4.10). Both the rare and extracted indices are much
lower than 0.9, the threshold for acceptability. Considering that the square of the residual is

not close to zero, the root demonstrates that the residual is unsatisfactory. The Root Mean
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Square Approximation and the Total Residual Value are both unacceptable. These numbers
are much larger than 0.1 and 3. This suggests that all relevant factors need to be taken into
account in future research. A SRMR of 0.063 was found in Table 4.10, which is within the
range of values considered acceptable in this research. Chi-square =489.401, and the normed
fit index was 0.852.

Table 4.10: Model fitness indices

Model fitness indices Estimated model
SRMR 0.063

d ULS 0.533

dG 0.268

Chi-square 489.401

NFI 0.852

Source: Field Data, 2023

4.3.3 Predictive Relevance (RZ2and Q?)

As shown by coefficient of determination analyses, the independent factors do account for
part of the variance in the dependant variable (R2). Calculating R2 indicates how well the
result was predicted by the independent variables. Predictive significance was defined as an
R2 of 0.10 or above by Falk and Miller (1992). Table 4.10 shows that both data-driven
decision-making and SC innovation have high levels of predictive accuracy (R2).

A second method for validating PLS models is using Q2 (Hair et al., 2020). This statistic is
generated by randomly removing a data point, replacing it with an appropriate value, then
computing the model's phase (Zhang, 2022). Model explanatory power and sample data
predictions are used in Q2 (Hair et al., 2020). This approximate value aids the blind method
in making sense of output data. When Q2 outcomes are better than expected and estimates
are near to baseline, accuracy increases (Zhang, 2022). For endogenous estimations to be
valid, Q2 must be greater than zero. Q2 greater than 0, 0.25, and 0.50 generates low, medium,

and low predictions from the PLS path model, respectively. (Zhang, 2022). In the second
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quarter, the study received scores of 0.194 and 0.249, respectively, for data-driven decision-
making and SC innovation (Table 4.10). All Q-square values over 0.5 indicate a highly
predictive model fit.

Table 4.10: Predictive Relevance (R?and Q?)

Construct R-square Q?predict
Data-Driven Decision-Making 0.212 0.194
Supply Chain Innovation 0.502 0.249

Source: Field Data, 2023
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Figure 4.1: Measurement Model Assessment

4.5 Hypotheses for Direct and Indirect Relationship

The second phase of the analysis which deals with the structural model evaluation is depicted
in Figure 4.2 below. The result of the structural model evaluation is presented in Table 4.11

and Figure 4.2. The PLS bootstrapping with 5, 000 samples were used in testing the
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significance of the four (4) paths in the model. This study analyses the impact of industry 4.0
on SC innovation through the mediation effect of data-driven decision making. This section
discusses the analyses of the direct and indirect relationships as shown in Table 4.12 and

Figure 4.2.

Table 4.12: Hypotheses for Direct and Indirect Relationship

Path Path T statistics P Hypothesis
Coefficient (JO/STDEV|) values Validation

Data-Driven Decision-Making -> Supply 0.546 10.022 0.000 Accepted

Chain Innovation

Industry 4.0 -> Data-Driven Decision-Making 0.461 6.723 0.000 Accepted

Industry 4.0 -> Supply Chain Innovation 0.265 4.600 0.000 Accepted

Industry 4.0 -> Data-Driven Decision-Making 0.252 5.762 0.000 Accepted

-> Supply Chain Innovation

Source: Field Data, 2023

Table 4.12 shows that the relationship between data-driven decision making and SC
innovation is significant (B = 0.546, t = 10.022, P = 0.000, and Sig < 0.05). Given that the p-
value for H1 was less than 0.05 and the path coefficient was positive, it can be concluded that
data-driven decision making have a direct effect on SC innovation. This suggests that when
the data-driven decision-making increases, SC innovation also increases. Data-driven

decision making enhance SC innovation by 54.6%.

Industry 4.0 directly affects data-driven decision making (B = 0.461; t = 6.723; P = 0.000;
Sig < 0.05). The path coefficient was positive and the p-value for H2 was less than 0.05,
indicating a significant positive direct influence on industry 4.0 to data-driven decision
making. Industry 4.0 enhances data-driven decision making because the path coefficient is

positive. Industry 4.0 accounts for 46.1% of data-driven decision making.
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Industry 4.0 directly affected SC innovation (B = 0.265; t = 4.600; P = 0.000; Sig < 0.05).
Since the p-value was less than 0.05 and the path coefficient was positive, industry 4.0 had a
significant direct influence on SC innovation, validating the third hypothesis (H3). The
positive path coefficient indicates that SC innovation will improve with industry 4.0. Industry

4.0 boosts SC innovation by 26.5%.

Data-driven decision making indirectly affected industry 4.0 and SC innovation (B = 0.252;
t=5.762; P = 0.000; Sig < 0.05). Data-driven decision-making mediates industry 4.0 and SC
innovation positively since the p-value for H4 was less than 0.05 and the path coefficient was
positive. The positive path coefficient indicates that data-driven decision making positively
and fully mediates interactions between industry 4.0 and SC innovation. This also means that

data-driven decision making mediates 25.2% of the 14.0-SCI connection.
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4.6 Discussion of Key Findings

The purpose of this study was to investigate the relationship between industry 4.0 and SC
innovation by highlighting the intervening role of data-driven decision making. This section
has presented a discussion of the key findings in line with existing theories and studies.
4.6.1 Effect of Industry 4.0 Capabilities on SC Innovation

The initial objective of this study determined the effect of Industry 4.0 capabilities on supply
chain innovation in Ghana. The result reveals that industry 4.0 had a significant direct
influence on SC innovation. The positive path coefficient indicates that SC innovation will
improve with industry 4.0. Industry 4.0 boosts SC innovation by 26.5%. This implies that
managers should gathers data and draws conclusions, have real-time capacity, and makes

decisions virtually and decentralised to innovate supply chain operations, regularly innovate

61

<
& Industry 4.0 Supply Chain Innovation 2787

SCIN1

/ scmz
27,082 %
27996  soIN3

/ U 4
22 366

~30.110» SCINg
\31.964‘
SCINS

24085
N\, SCIN6

SCINT



supply chain service, and innovate technologically. This study's results back with what other
research has found: that Industry 4.0 may improve innovation by boosting energy
consumption, facility capacity, and human capital (Lasi et al., 2014). As a result, the
businesses' capacity to engage with the environment through technology has a significant
impact on innovation performance. Firms that are able to take advantage of new technologies
that improve environmental analysis will be in a good position to use existing resources to
turn the information they gather into novel products and services (Jeandri et al., 2021).
Previous research has demonstrated the importance of industry 4.0, digitization, automation,
and technology in driving improved innovation performance among firms in developing
economies and large-scale businesses (Ozkeser and Karaarslan, 2018; Kroll et al., 2018; Chu
et al., 2019; Mubarak et al., 2021; De Giovanni and Cariola, 2021; Sarbu, 2022; Jankowska
et al., 2022; Tirgil and Findik, 2022).

4.6.2 Effect of Industry 4.0 Capabilities on Data-Driven Decision Making

The next objective investigated the contribution of Industry 4.0 capabilities on data-driven
decision-making in Ghana. The result indicates a significant positive direct influence on
industry 4.0 to data-driven decision making. Industry 4.0 enhances data-driven decision
making because the path coefficient is positive. Industry 4.0 accounts for 46.1% of data-
driven decision making. This implies that managers should gathers data and draws
conclusions, have real-time capacity, and makes decisions virtually and decentralised to
constantly review and change their approaches, remind their personnel to make decisions
based on facts, not emotions, and choose reasoning over instinct when presented with actual
data that contradicts their beliefs. From the previous study, Bousdekis et al. (2021) argue that
in conjunction with the rise of cyber-physical systems and cloud technologies for data
processing and storage, next-generation maintenance decision-making would become

increasingly responsive and capable of allowing correct and proactive judgments. Tripathi et
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al. (2022) also found that the efficacy of the created decision-making system may be
increased by combining the lean principle with other process optimization strategies for shop
floor management under various production settings, such as Industry 4.0. As a consequence
of making decisions, many businesses collect real - time data, which they then utilize to drive
innovation (Ardito, Messeni Petruzzelli, et al., 2019; Fortunato et al., 2017). As a result,
businesses have a number of chances to save money, increase productivity, and attract and
retain consumers by coming up with novel ways to solve problems (Del Vecchio et al.,
2018; Chen et al., 2012).

4.6.3 Effect of Data-Driven Decision Making on SC Innovation

The following objective determined the effect of data-driven decision-making on supply
chain innovation in Ghana. The result concludes that data-driven decision making have a
direct effect on SC innovation. This suggests that when the data-driven decision-making
increases, SC innovation also increases. Data-driven decision making enhance SC innovation
by 54.6%. This implies that managements should constantly review and change their
approaches, remind their personnel to make decisions based on facts, not emotions, and
choose reasoning over instinct when presented with actual data that contradicts their beliefs
to innovate supply chain operations, regularly innovate supply chain service, and innovate
technologically. According to the study of Yu et al. (2021), data-driven supply chain
orientation has a considerable financial impact. Bhatti et al. (2022) investigated the influence
of organizations' big data analytic capability on supply chain innovation and found that big
data analytics has a substantial impact on supply chain innovation. Using data strategies may
help providers effectively generate new goods or expand existing lines. Supply chain
organizations may use huge volumes of data from various sources to predict events and trends
(Ghasemaghaei et al., 2016). Businesses may use data-driven decision making to predict

sales and performance, which might drive the innovation or improvements to modern
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products (Ghasemaghaei, and Calic, 2019). Online businesses may utilize customer online
activity and purchase history (including page views and time spent on each page) to anticipate
consumer behaviour when creating new items (Dawson, 2021). Prescriptive data and a
defined strategy may also assist exploration and exploitation procedures (Ghasemaghaei, and
Calic, 2019).

4.6.4 Mediating Effect of Data-Driven Decision Making

The final objective of this study identified the role of data-driven decision-making in
mediating the relationship between Industry 4.0 capabilities and supply chain innovation in
Ghana. Data-driven decision making mediates industry 4.0 and SC innovation positively. The
positive path coefficient indicates that data-driven decision making positively and fully
mediates interactions between industry 4.0 and SC innovation. This also means that data-
driven decision making mediates 25.2% of the 14.0-SCI connection. This implies that
managements should constantly review and change their approaches, remind their personnel
to make decisions based on facts, not emotions, and choose reasoning over instinct when
presented with actual data that contradicts their beliefs in order to gathers data and draws
conclusions, have real-time capacity, and makes decisions virtually and decentralised to
innovate supply chain operations, regularly innovate supply chain service, and innovate
technologically. The study of El Hilali et al. (2021) examined how big data analytics
increases firms' sustainability commitment. 41 Moroccan companies from diverse sectors
were studied quantitatively. Partial Least Squares-Structural Equation Modeling (PLS-SEM).
Technical skills like big data analysis did not improve big data's sustainability mediation

function.
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CHAPTER FIVE

SUMMARY OF FINDINGS, CONCLUSIONS, AND RECOMMENDATIONS
5.0 Introduction
This section discusses and interprets the results of this research work and presents the
conclusion of the study. It summarizes the findings in connection with the objectives for the
study, as per the empirical findings in the previous chapter. The main thrust of this chapter is
to present the summary of findings and conclusions with regards to the contribution of the
study emanating from the research objective which is to determine how industry 4.0
capabilities influence SC innovation and further examine how data-driven decision making
can influence the relationship. The chapter further talks about the limitations of the research
and also provide suggestions for future research directions.
5.1 Summary of Findings
5.1.1 Effect of Industry 4.0 Capabilities on SC Innovation
The initial objective of this study determined the effect of Industry 4.0 capabilities on supply
chain innovation in Ghana. The result reveals that industry 4.0 had a significant direct
influence on SC innovation. This implies that managers should gathers data and draws
conclusions, have real-time capacity, and makes decisions virtually and decentralised to
innovate supply chain operations, regularly innovate supply chain service, and innovate
technologically.
5.1.2 Effect of Industry 4.0 Capabilities on Data-Driven Decision Making
The next objective investigated the contribution of Industry 4.0 capabilities on data-driven
decision-making in Ghana. The result indicates a significant positive direct influence on
industry 4.0 to data-driven decision making. This implies that managers should gathers data

and draws conclusions, have real-time capacity, and makes decisions virtually and
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decentralised to constantly review and change their approaches, remind their personnel to
make decisions based on facts, not emotions, and choose reasoning over instinct when
presented with actual data that contradicts their beliefs.

5.1.3 Effect of Data-Driven Decision Making on SC Innovation

The following objective determine the effect of data-driven decision-making on supply chain
innovation in Ghana. The result concludes that data-driven decision making have a direct
effect on SC innovation. This suggests that when the data-driven decision-making increases,
SC innovation also increases. This implies that managements should constantly review and
change their approaches, remind their personnel to make decisions based on facts, not
emotions, and choose reasoning over instinct when presented with actual data that contradicts
their beliefs to innovate supply chain operations, regularly innovate supply chain service, and
innovate technologically.

5.1.4 Mediating Effect of Data-Driven Decision Making

The final objective of this study identified the role of data-driven decision-making in
mediating the relationship between Industry 4.0 capabilities and supply chain innovation in
Ghana. The results indicates that data-driven decision making positively and fully mediates
interactions between industry 4.0 and SC innovation. This implies that managements should
constantly review and change their approaches, remind their personnel to make decisions
based on facts, not emotions, and choose reasoning over instinct when presented with actual
data that contradicts their beliefs in order to gathers data and draws conclusions, have real-
time capacity, and makes decisions virtually and decentralised to innovate supply chain
operations, regularly innovate supply chain service, and innovate technologically.

5.2 Conclusion

The main objective is to examine the mediating role of data-driven decision-making of the

impact of Industry 4.0 capabilities on supply chain innovation in Ghana. The study employed
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cross-sectional research design. This survey was conducted using a quantitative approach.
Stratified sampling was used to choose 381 participants. A prepared questionnaire was the
main tool used for data collection. Both SPSS v26 and SmartPls v4 were used for the
statistical analysis. Both descriptive and inferential approaches were used to analyse the data.
The result reveals that industry 4.0 had a significant direct influence on SC innovation and
data-driven decision making. The result also concludes that data-driven decision making have
a direct effect on SC innovation. The results indicates that data-driven decision making
positively and fully mediates interactions between industry 4.0 and SC innovation. The study
therefore concluded that managements should constantly review and change their
approaches, remind their personnel to make decisions based on facts, not emotions, and
choose reasoning over instinct when presented with actual data that contradicts their beliefs
in order to gathers data and draws conclusions, have real-time capacity, and makes decisions
virtually and decentralised to innovate supply chain operations, regularly innovate supply
chain service, and innovate technologically.
5.3 Recommendations for Management
This section provides recommendations based on the findings of the research for various
stakeholders. These ideas should be taken into consideration by management and academics.
» The result revealed that industry 4.0 had a significant direct influence on SC
innovation. The study recommended that managers should gathers data and draws
conclusions, have real-time capacity, and makes decisions virtually and decentralised
to innovate supply chain operations, regularly innovate supply chain service, and
innovate technologically.
» The result indicates a significant positive direct influence on industry 4.0 to data-
driven decision making. The study suggested that managers should gathers data and

draws conclusions, have real-time capacity, and makes decisions virtually and
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decentralised to constantly review and change their approaches, remind their
personnel to make decisions based on facts, not emotions, and choose reasoning over
instinct when presented with actual data that contradicts their beliefs.

The result concludes that data-driven decision making have a direct effect on SC
innovation. The study therefore recommended that managements should constantly
review and change their approaches, remind their personnel to make decisions based
on facts, not emotions, and choose reasoning over instinct when presented with actual
data that contradicts their beliefs to innovate supply chain operations, regularly
innovate supply chain service, and innovate technologically.

The results indicated that data-driven decision making positively and fully mediates
interactions between industry 4.0 and SC innovation. The study therefore concluded
that managements should constantly review and change their approaches, remind
their personnel to make decisions based on facts, not emotions, and choose reasoning
over instinct when presented with actual data that contradicts their beliefs in order to
gathers data and draws conclusions, have real-time capacity, and makes decisions
virtually and decentralised to innovate supply chain operations, regularly innovate

supply chain service, and innovate technologically.

5.4 Limitations and Recommendation for Future Research

Numerous possible avenues for further research are obstructed by the constraints of this

study. First, both managers from the analysed firms were included in the study sample.

Therefore, a similar study on employees may provide more generalizable results. Causation

is difficult to prove using cross-sectional research design. Future research may use

longitudinal and panel data to empirically determine causality. Quantitative analysis

examined industry 4.0 capabilities, data-driven decision making, and SC innovation.

Qualitative research methods may be needed for future comparable studies. This study
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suggests that future research may benefit from using other statistical analysis methods. Future

research may replicate this study in other countries to verify similar results.
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APPENDIX I

L

=== KNUST School of Business
Department of Supply Chain and Information System
COLLEGE OF HUMANITIES AND SOCIAL SCIENCES
KWAME NKRUMAH UNIVERSITY OF SCIENCE AND TECHNOLOGY, KUMASI
Examining the mediating role of data-driven decision-making of the impact of Industry 4.0
capabilities on supply chain innovation in Ghana

N

Dear Survey Participant,
Kindly allow me to introduce this important study to you.

Thank you very much for participating in this study that seeks to understand the mediating
role of data-driven decision-making of the impact of Industry 4.0 capabilities on supply chain
innovation in Ghana. This study aims to obtain empirical evidence to support managerial
decision-making and public policymaking in Ghana. You and your organization have been
selected as exemplary context to study this phenomenon; hence your active participation
would be very much appreciated.

The study is an academic exercise undertaken by this researcher, a student at Kwame
Nkrumah University of Science and Technology (KNUST) School of Business. | can assure
you that your responses will be treated in the strictest confidence, with the results collected
being anonymised and used for statistical and academic purposes only. Kindly note that you
are responding to this survey in your capacity as a senior manager or supply chain manager
of your firm. The questionnaire has specific instructions to follow and scales to use to indicate
your responses. Please consider yourself and your personal experiences in your organisation
to respond to the statements in the survey. Although some statements appear quite similar,
they are also unique in many ways, so Kindly do well to respond to each statement. The
questionnaire will take about 20 to 25 minutes to complete, and we think it will be more
appropriate if you respond to it at your convenient time..

Please, indicate your consent for participation here [ 1
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SECTION A: . DEMOGRAPHIC CHARACTERISTICS:

This section requires you to tick which category fits your description which will be used
for classification and comparison purposes of variables necessitated by this study only.
Please indicate by ticking (V) appropriately in the box provided.

Please answer the following questions:

1
2

Gender of respondent: Male L7 Female L/
Age of respondent:

18-30 years [0 31-40 year’s [ 41-50 years [1 Above 50 years [

Level of Education of respondent:
Junior High School O Senior High School OO Diploma [0 Bachelor Degree

[0 Graduate Studies (Master / Ph.D.) O Others O For Others, Please

Your Position in the Firm
Business Owner [0 Business Owner and Manager [0 Manager [0 Production

Manager [ Others [ For Others, Please

How many years have you been working in your firm?
1-5years [0 6-10years [0 11 — 15 years [ 16 years and above [J

How many employees are in the firm?
Less than 5 employees [J 5 — 29 employees [ 30 — 99employees [ More

than 100 O

How many products does the firm produce?
1-2 Products O 3-5 Products [0 More than 5 Products [

How many years has the firm been in operation?
1to 5 years O 6 to 10 years [1 More than 10 years [

Cont. on the next page...
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SECTION A:_INDUSTRY 4.0:
Section A: Statements describing Industry 4.0

Please answer the following questions by considering your firm’s use of supply chain analytics.

On a scale of 1 to 5 (1=Strongly Disagree, 2=Disagree, 3=Neutral, 4=Agree, 5=Strongly

Agree) indicate your opinion by ticking \ where appropriate in the following statements.

Industry 4.0
14.01 | Our organization systematically collects and extracts insights from data 2 (3
14.02 Our organization uses real-time capability 213
14.03 | Our organization uses distributed systems to system interoperability 213
14.04 Our organization uses virtualization and decentralization of decision-making 2|3

Section B: Supply Chain Innovation (Panayides and Lun, 2009)

Indicate the extent to which you agree or disagree with each statement by checking the appropriate number

from 1 to 5 using the following scale:

Iltem Statement

1

2

3

SCIN1 We frequently try out new ideas in the supply chain context.

SCIN2 We seek out new ways to do things in our supply chain

SCIN3 We are creative in the methods of operation in the supply chain.

SCIN4 We often introduce new ways of servicing the supply chain

SCINS We motivate supply chain members to suggest new ideas

SCING We pursue continuous innovation in core processes

SCINT We pursue new technological innovation

SECTION D: Data-Driven Decision-Making (Gupta and George, 2016)

Indicate the extent to which you agree or disagree with each statement by checking the appropriate

number from 1 to 5 using the following scale:

Item Statement

We consider data as an asset.
DDDM1

We base most of the decisions on data rather than instinct.
DDDM2
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We are willing to override our intuition when data contradict our

viewpoints.
DDDM3

We continuously assess our strategies and take corrective action in

DDDM4 response to the insights obtained from data.

We continuously coach our people to make their decisions based on

DDDMS | yata.

88




