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Currently, Industry 4.0 is being researched and incorporated into the development agendas of 

several countries, including the United States, France, Singapore, Japan, the United Kingdom, and 

China (Liao et al., 2017). The reason for this increased in attention is that Industry 4.0 can redefine 

how value is created and delivered, as well as how businesses compete ( Frederico et al., 2020; 

Zhou et al., 2016). As a result of Industry 4.0 adoption, its implementation has awakened high 

attentiveness (Ghadge et al., 2020b).  

Table 2.3 Illustration of Industry 4.0 

Revolution Period Technologies Draw Backs Achievements 

Industry 4.0 21st Century Internet of 

Things, 

Cyber Security 

threats  

Automation at its 

peak 

Blockchain, 

Artificial 

Intelligence, 

Not fully 

expertise in 

operation 

Data resilience  

   

Big Data,   

Cloud 

Computing 

  

   

Source: Drafted by Researcher 

2.2.5 Composition of Industry 4.0 

 

Industry 4.0, led by intelligent manufacturing is regarded as the fourth industry to emerge from 

the industrial revolution (Cheng et al., 2016; ElMaraghy, 2019; Zhong et al., 2017; Zhou et al., 
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2016). The concept of Industry 4.0 is anchored on the integration of information and 

communication technologies (ICT) and industrial technology. It is primarily dependent on the 

development of a Cyber-Physical System (CPS) to create a digital and intelligent factory, to enable 

manufacturing to become more digital, information-led, customized, and green ( Lin et al., 2019; 

Pivoto et al., 2021;  Wang et al., 2015; Zhou et al., 2016).  

Industry 4.0 is purposed to create a highly flexible production model of personalized and digital 

products and services, with real-time interactions between humans, products, and devices 

throughout the manufacturing process (Ghobakhloo, 2018; Shi et al., 2020; Terziyan et al., 2018; 

Zhou et al., 2016). For instance, extant literature according to Nascimento et al. (2019) and Thames 

& Schaefer (2017), indicated that any factory that receives consumer orders and promptly 

manufactures and delivers the required product will require Industry 4.0 technologies to facilitate 

the processes involved in production (Belhadi et al., 2021; Dahmani et al., 2021).  

Hence, Industry 4.0 is the driving factor in changing accustomed industrial production methods 

and influencing future manufacturing (Hermann et al., 2016; Nurdiana & Pandin, 2021). Studies 

conducted by Rüßmann (2015) and Thames & Schaefer (2017) identified that the adoption of 

digital technology will enable industrial production systems to become more intelligent in the 

future. Zhou et al. (2016) further added that there will be more professed thinking-type factories 

and knowledge-based factories, which will improve factory efficiency and competitiveness. 

2.3 Main Principles of Industry 4.0 

A study by  Carvalho et al. (2018) outlined seven main principles of Industry 4.0.  
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2.3.1 Interoperability 

 

Interoperability refers to the exchange of equipment and machine that performs the same function, 

even if they are manufactured by different companies (Carvalho et al., 2018). This gives rise to 

multiple networks in a trusted environment for equipment to intercommunicate, enabling the 

awareness required for the development of Industry 4.0 intelligent functions  (Qin et al., 2016). 

Interoperability requires networks of machines and equipment, making manufacturing processes 

more important for current and future operations (da Rosa Righi et al., 2019). 

2.3.2 Decentralization 

 

In Industry 4.0, decentralization is the decision-making ability of local businesses, operations 

personnel, and machines in manufacturing processes (Carvalho et al., 2018). Decentralization 

allows for the localization of manufacturing processes in their original locations by dedicating a 

system control mechanism instead of using central computers or delegating making decisions 

hierarchically, empowering and capacitating local operators to respond to changes (Carvalho et 

al., 2018; da Rosa Righi et al., 2019). The increasing demand for individual products makes 

centrally controlling systems increasingly difficult (Qin et al., 2016; Roblek et al., 2016). 

Decentralization of networks is one of the key facilitators of the fourth industrial revolution 

(Carvalho et al., 2018; da Rosa Righi et al., 2019; Qin et al., 2016). 

2.3.3 Virtualization 

 

Virtualization focuses on creating a virtual twin of the physical world of objects through constant 

monitoring and sensor-based machine (da Rosa Righi et al., 2019). Through the use of monitoring 

and machine-to-machine communication, a virtual twin can be abstracted and the sensor data is 

linked to virtual plant models and simulation models (Carvalho et al., 2018). In this way, a virtual 
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copy of the physical world is created, furthermore, all necessary information, such as the next work 

steps or safety precautions, is provided (Qin et al., 2016). Cyber-Physical Systems bridge the gap 

between sharing of information and sense-making by promoting decentralized communication. A 

study by Carvalho et al. (2018) indicated that there are  two key features of Industry 4.0. The first 

feature is sensors' activeness that allow the quickest possible acquisition of information about a 

new level of granularity. The second is real-time data-driven simulation that allows prediction of 

the effect of local optimization, allowing better decision-making and the use of decentralized 

control circuits (Carvalho et al., 2018; da Rosa Righi et al., 2019; Qin et al., 2016).  

2.3.4 Real-Time Capability 

 

Industry 4.0 focuses on real-time data collection and analysis, then progresses to taking immediate 

action in response to identified problems or communication demands (da Rosa Righi et al., 2019). 

Smart grid systems are excellent examples of real-time energy management capabilities for any 

system (Carvalho et al., 2018). To achieve organizational tasks, data must be collected and 

analyzed in real-time, but Industry 4.0 takes this concept a step further thus it includes plants that 

can respond to failure of one machine by forwarding products to another Roblek et al. (2016). 

Real-time as a principle of Industry 4.0 facilitates continuous link between the end consumer, via 

social networks, that allows for a faster response to changes in demand (Carvalho et al., 2018; da 

Rosa Righi et al., 2019). The use of real-time information and robotic systems is set to disrupt 

traditional manufacturing modes and organizational structures (Carvalho et al., 2018).  

 

 

2.3.5 Modularity 
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The new form of industrial manufacturing brings a significant benefit to the entire production life-

cycle by allowing any module of the production process to be replaced by another due to its flexible 

structure addressing production need changes (da Rosa Righi et al., 2019). This principle includes 

modular systems that can respond flexibly to changing requirements by replacing or expanding 

individual modules, making adding or removing production modules much easier (Carvalho et al., 

2018). These modular systems can be easily adjusted in the incident of seasonal fluctuations or 

changes in product production needs, such as when incorporating new technologies (Carvalho et 

al., 2018; Schlick et al., 2017). Furthermore, many manufacturing processes, such as product 

design, production planning, production and production engineering, and services, will be 

simulated as modular and then tightly connected end-to-end and interchangeably in industry 

technologies (Carvalho et al., 2018; Qin et al., 2016).  

2.3.6 Service Orientation 

 

According to this principle, business, human, and CPS services are available through the internet 

of services and can be used by other participants, facilitating the creation of product-service 

systems (Carvalho et al., 2018). Service orientation and transformation enable organizations to be 

more agile and flexible, responding to market changes much more quickly than in the past (Schlick 

et al., 2017). Service orientation makes manufacturing processes more agile in response to supply 

demands, hence, different production stakeholders could help with agility by providing data to the 

system (da Rosa Righi et al., 2019). Large unstructured data solutions enable organizations to 

collect and process unprecedented amounts of data (Pivoto et al., 2021). 
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Figure 2.4 The main principles of Industry 4.0 

Source: (da Rosa Righi et al., 2019) 

2.4 Industry 4.0 digital Technologies 

This section discusses some technologies that are used in the Fourth Industrial Revolution (4IR). 

According to Dalenogare et al. (2018a), digital technologies are changing the way firms operate. 

Digital technologies enable significant business improvements such as improving streamlining 

operation, customer experience, and developing new business models (Chawla & Goyal, 2022). 

Ghadge et al. (2020b) indicated Big Data Analytics (BDA), Autonomous robots, Industrial Internet 

of Things, cloud technology, Simulation, Additives Manufacturing, Augmented Reality, Business 

Intelligence, Cybersecurity as the core Industry 4.0 technologies. Blockchain technology aids in 
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the connection of all firms in a production network, as well as the efficiency and traceability of the 

entire supply chain process (Cole et al., 2019) 

2.4.1 Internet of Things 

 

The term “Internet of Things” is literally the combination of “Internet” and “Things” (Ben-Daya 

et al., 2019; Vinitha et al., 2020). Internet is the linkage of networks like human to things, human 

to human, things to things and things to human (Vinitha et al., 2020). Ben-Daya et al. (2019) 

indicated in their study that, the Internet of Things is the network of physical things which are 

digitally linked to monitors, and sensors and intermingle within a firm and its operations 

facilitating tracking, visibility, agility and sharing of information ( Wang et al., 2021) to enable 

coordination, control and the planning time of manufacturing (Oztemel & Gursev, 2020). The IoT 

enable the networking of products that makes it possible to connect the whole processes in 

manufacturing (Kerin & Pham, 2019). Bhushan & Agrawal (2020) pointed out in their study that  

the Internet of Things (IoT) is one of the most recent Information Technology (IT) innovations 

and revolution that is causing a paradigm shift in various fields which includes manufacturing.  

 Garay-Rondero et al. (2020) postulated that technological advancement has led to a constant and 

ever-changing business environment. Due to this, customers are becoming increasingly demanding 

in terms of product customization, pricing and quality of service (de Vass et al., 2021). A study by 

Bi et al. (2021) indicated that in other to survive in the constantly changing business environment, 

firms need to develop high levels of resilience, risk mitigation capabilities, and structural flexibility 

to quickly respond to the rapid business evolution.  

The IoT enhance communications in manufacturing by allowing human-to-thing communication 

and autonomous coordination among ‘things’ while being held at a facility as well as transfers 
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between multiple supply chain entities (Ben-Daya et al., 2019; Rejeb et al., 2019). In addition, 

Bhushan & Agrawal (2020) also identified that IoT provides various benefits to the production 

processes including cost savings, product tracking and inventory accuracy.  

Internet of Things enablement increases organizational agility and proactivity by giving prompt 

detection of machine issues and predictive maintenance (Rejeb et al., 2019; Waller & Fawcett, 

2013). In addition to the various enablement of the Internet of Things identified in the literature, 

IoT helps boost competitiveness by effectively tracking material flow, resulting in improvements 

in the effectiveness and efficiency of key processes and timelines (Shrouf et al., 2014).  

2.4.2 Blockchain 

 

Blockchain contributes to a wide range of manufacturing processes, procedures, and projects, thus 

allowing different stakeholders to interact on a networked business model (Banerjee et al., 2018). 

Research conducted by Cole et al. (2019) revealed that trust among stakeholders, transparency and 

efficiency at each level of the supply chain are all factors that slows the processes of 

manufacturing. Blockchain is a system of documenting information in a particular way that makes 

it difficult to hack and change the system (Rejeb et al., 2019). Wang et al. (2018) emphasize that 

consensus protocol is used in the distribution process of a Blockchain system, allowing mutually 

untrustworthy, uncoordinated parties to agree on transactions and blocks on a Blockchain server.  

Viriyasitavat et al. (2019) adds that Blockchain enables stakeholders who are involved in the 

business ecosystem to share, validate and participate in the flow of data and information. 

Blockchain server allows them to synchronize and track shipments, logistics data and automate 

payments. A related study by Esmaeilian et al. (2020) also suggest that Blockchain technology 

allows business organizations to keep track of human exchanges, monetary exchanges, and all 
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kinds of physical assets. A distributed ledger connected to millions of computers can be used to 

store, transport, transact and manage all forms of assets (Banerjee et al., 2018; Ivanov et al., 2019; 

Xu et al., 2018).  

Although most organizations utilize enterprise resource planning (ERP) systems for management 

and planning, ERP can only be used internally (AlMuhayfith & Shaiti, 2020). However, Kim & 

Laskowski (2018) argued that Blockchain can help to connect all the processes of production 

networks in an organization on a single server, with all responsible members and stakeholders. 

Studies by Gohil & Thakker (2021) and Kim & Laskowski (2018) mentioned that the main goal 

of Blockchain technology in the production process is to trace all product transactions and the 

whole product life cycle (Hopkins, 2021; Sheel & Nath, 2019). However, tracking of processes 

and things from raw materials stage, and supplies to customers, including data, manufacturing, and 

location information, improves transparency and operational control (Nascimento et al., 2019; 

Saberi et al., 2019; Van Der Vorst et al., 2005). For instance, in production, Blockchain allows 

members to validate requested data before uploading it to the Blockchain server, ensuring that data 

is not tamper with Viriyasitavat et al (2019). This aids all participants in gaining trust in the systems 

(Gohil & Thakker, 2021).  

It provides consumers and other organizations in the supply chain with real-time input (Banerjee 

et al., 2018; Cole et al., 2019; Wang et al., 2018). Apte & Petrovsky (2016) also added that 

Blockchain has the potential to transform the digital world by enabling distributed consensus, 

which allows any online transaction involving digital assets, past or present, to be confirmed at 

any time in the future ( Wang et al., 2018).   
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2.4.3 Big Data Analytics 

 

A study by Xu and Duan (2019) referred to Big data as the technique for processing massive 

amounts of data, such as data search, capture, storage, transport, curation, analysis, visualization, 

security, and privacy. With each passing year, the growth of information and communication 

technologies (ICT) in the manufacturing sector accelerates, and the potential and opportunities for 

manufacturing businesses are limitless (Sahoo, 2021). This transition can be seen not only in the 

need to introduce a product category or new product but also in the growing need to identify and 

design new advanced techniques and production methods to improve production processes (Kache 

& Seuring, 2017; Maheshwari et al., 2021; Zhong et al., 2017). Studies by Akanmu et al. (2021) 

and Javaid et al. (2021) indicated that modern manufacturing facilities are a data-intensive business 

environment that enables information generation, exchange, and processing via ubiquitous 

networks to deliver manufacturing intelligence. Jabbour et al. (2020); Fatorachian & Kazemi 

(2021a) revealed from their studies that, the application of BDA  has emerged as a competitive 

advantage facilitator in the field of production and inventory management. Literature (Maheshwari 

et al. 2021; Pivoto et al. 2021; and Tao et al. 2019) reveal that  Big Data Analytics is increasingly 

being viewed as a means for industries to streamline production management. 

Nguyen et al. (2018) note that in their studies that, BDA in manufacturing has attracted the interest 

of practitioners and researchers due to its excellent function in the production process.  The 

primary goal of the BDA is cost reduction through the use of BDA technologies such as Hadoop 

and cloud-based analytics (Attaran, 2007; Govindan et al., 2018; Zekhnini et al., 2021). According 

to Ardito et al. (2019), BDA investigates enormous amounts of data to find hidden patterns, 

correlations, and other concepts. BDA enables organizations to make faster and better decisions 
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(Ardito et al., 2019; Chodha et al., 2022; Ivanov et al., 2019). Furthermore, BDA enables industries 

to employ data and quantitative methodologies to improve decision-making across all production 

activities (Addo-Tenkorang & Helo, 2016; Dubey et al., 2019; Nguyen et al., 2018). 

Adoption of BDA in the manufacturing processes helps to promote flexibility, transparency, and 

integration of global logistics  operations and supply chains to efficiently control demand 

variations and manage costs (ElMaraghy, 2019; Frank et al., 2019; Zhou et al., 2016). Frank et al. 

(2019) further indicated that the significance of BDA is for organizations and decision-makers to 

determine the quality and analysis of the data rather than its quantity. In addition, Maheshwari et 

al. (2021) revealed that BDA helps provide sufficient data that can be utilized to assist businesses 

in troubleshooting errors, forecasting future system difficulties and generating information about 

customers at the point of sale to help elevate their experience, and assisting businesses in 

developing strategies for time and cost reduction efforts.  

2.4.4 Cloud Computing 

 

Cloud computing is a computing paradigm in which tasks are allocated to a collection of network 

connections, services and software (Büyüközkan & Göçer, 2018; Cegielski et al., 2012; Jede & 

Teuteberg, 2015; Tiwari, 2013). Cloud computing (CC)provides a competitive advantage 

primarily through the use of speed and agility as well as its promotion of innovation and scalability 

(Jede & Teuteberg, 2015; Pivoto et al., 2021; Vinitha et al., 2020; Xu & Duan, 2019). Cloud 

computing reduces the financial barrier of experimenting new ideas while shortening the time to 

market (Sharma et al., 2021; Taghipour & Mahboobi, 2020). Research by Gupta et al. (2021) 

indicated that, in today’s global setting, cloud computing enhance delivery on-demand computing 

services with excellent dependability, scalability, and availability. 
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In addition, a study by Kumari & Kaur (2021) revealed that Cloud computing allows more flexible 

outsourcing of software for manufacturing procedures collaboration and infrastructure demands. 

Cloud Computing is a suitable technology for supporting and administering a constantly changing 

and dynamic network and production processes (Abimbola, 2021; Kumari & Kaur, 2021; Leukel 

et al., 2011). The concept of cloud computing is that everyone in the production process can have 

access to data and information the same way that they use water, electricity, gas, and telephones 

(Ali Akbar, 2019; Rashid & Chaturvedi, 2019). Data and information are easily available via the 

cloud, and information can be shared to the greatest extent possible, facilitating group project 

collaboration in the production (Addo-Tenkorang & Helo, 2016; Jede & Teuteberg, 2015; 

Mourtzis, 2022).  

According to Sharma et al. (2021), the key feature of cloud computing is the availability of 

dependable services via data centers and servers. The cloud is frequently portrayed as a single 

point of contact for all of a consumer's computing requirements (Agrawal & Narain, 2018; Anitah 

et al., 2019; Zhou et al., 2016). Cloud computing is having a big impact on the production process, 

and the application market and its adoption are projected to increase in the coming years (Attaran, 

2020; Shamout et al., 2022).  

Hopkins (2021) pointed out that, Cloud technology has been used in the industrial sector and has 

resulted in development of numerous cloud manufacturing systems. Cloud manufacturing denotes 

an integrated cyber-physical system capable of providing on-demand manufacturing services, both 

digitally and physically, while making the most use of manufacturing resources (Cegielski et al., 

2012; Kumari & Kaur, 2021; Oztemel & Gursev, 2020; Pivoto et al., 2021). 

CC provides a pool of shared resources such as manufacturing software, manufacturing facilities, 

and manufacturing competencies (Charro et al., 2018; Zhong et al., 2017). Siderska & Jadaan, 
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(2018) added that Cloud manufacturing goes beyond simply placing manufacturing software 

programs in the cyber cloud. Aside from data storage and virtual machines, the physical resources 

connected to the manufacturing processes, CC provide adaptable, secure, and on-demand 

manufacturing services for the Internet of Things, such as work cells, robots and machine tools 

(Abimbola, 2021; Taghipour & Mahboobi, 2020; Zhong et al., 2017) .   

2.5 Implementation of Industry 4.0 

Due to various growth in technological advancements, the classic production functions have 

transformed into larger and more sophisticated strategic approaches in recent times (Frank et al., 

2019; Kaliani Sundram et al., 2016; Nascimento et al., 2019; Ralston & Blackhurst, 2020). These 

technological advancements are part of Industry 4.0, the Fourth Industrial Revolution (Herceg et 

al., 2020; Müller et al., 2018; Norouzi, 2021). I4. 0 has been employed in several manufacturing 

processes, and it depicts a connection between smart and physical assets, such as smart products 

and machines that function autonomously with self-coordinating systems (de Vass et al., 2021; 

Meindl et al., 2021; Sheel & Nath, 2019).  

Several studies Dalenogare et al. (2018b), Hermann et al. (2016), Liao et al. (2017), Norouzi 

(2021) and Nurdiana & Pandin (2021) have shown that the number of organizations engaging in 

the transition to Industry 4.0 is constantly increasing. According to a recent survey, the number of 

German companies that did not consider implementing Industry 4.0 declined from 34% to 9% 

between 2014 and 2018 (Basl, 2017; Ghobakhloo, 2018). During the same period, the number of 

companies that began to adopt to Industry 4.0 projects climbed from 14% to 43% (Dalenogare et 

al., 2018a; Frank et al., 2019). 
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Similarly, Basl (2017) discovered that 40% of responding Czech enterprises had already begun to 

interact with Industry 4.0 for more than a year, whilst 20% had only recently begun the shift at the 

time of the survey. However, these figures solely reflect the conditions in Germany and the Czech 

Republic, both of which are World Economic Forum Industry 4.0 leaders (2018) (Basl, 2017; 

Dalenogare et al., 2018b). As a result, it is not surprising that research that addressed a broader 

international audience yielded different results. For example, Hoyer et al. (2020) discovered that 

the number of organizations that have begun to implement Industry 4.0 is yet to reach the 25% 

mark.  

A study by Basl (2017) included  1,155 participants from 26 countries, discovered that 31% of the 

participating companies had already begun to use Industry 4.0-related technology. However, the 

figures reported only represent companies that have begun individual Industry 4.0 projects (Hoyer 

et al., 2020). Despite the enthusiastic expectations made in recent years, the number of companies 

that have fully embraced Industry 4.0 remains low (Lin et al., 2018). For example, studies 

estimated in 2014 that the digitalization of the entire manufacturing processes and operations 

would exceed 80% in the next five years (Basl, 2017; Dalenogare et al., 2018a; Hoyer et al., 2020). 

On the contrary, the findings from Hofmann & Rüsch (2017), Oztemel & Gursev (2020) and Xu 

et al. (2018) indicated that the number of German companies taking a broader approach to Industry 

4.0 is still low at 9% four years after the initial found that only 40% of American, German, and 

Japanese enterprises working on Industry 4.0 made substantial progress in further implementing it 

within a year (Pfeiffer, 2017; Piccarozzi et al., 2018; Zhong et al., 2017). These figures 

demonstrate the overall difficulties of merging separate Industry 4.0 initiatives into a unified 

approach that extends beyond the boundaries of particular machines, departments, and factories 
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and is consistent with the notion of Industry 4.0 (Ghobakhloo, 2018; Oztemel & Gursev, 2020; 

Zhong et al., 2017). 

Castellacci and Natera (2013) argue that the  policies developed by industrialized countries to 

embrace Industry 4.0 digital revolution differ from policies adopted by developing countries. 

Frank et al. (2019) note that developed countries mainly enact national polices to embrace 

development strategies in emerging strategies. On the contrary, in the case of developing 

economies, Industry 4.0 technologies adoption is on organizational efforts rather than national and 

coordinated strategies (Castellacci & Natera, 2013; Frank et al., 2019; Nagy et al., 2018).   

Dalenogare et al. (2018b) stated in their study that because the economies of emerging countries 

have historically been more focused on the extraction and commercialization of commodities, 

enterprises in these countries are frequently behind their counterparts in developed countries in 

terms of technology adoption. Frank et al. (2016) added that, other factors such as culture, ICT 

infrastructure, education level, and economic and political instability can all influence developing 

economies in adopting and implementing Industry 4.0 and, as a result, the low level of investing 

in sophisticated technology. 

2.5.1 Drivers of Industry 4.0 Implementation 

 

Despite the rapid rise of Industry 4.0, studies on identifying potential drivers and challenges to 

Industry 4.0 deployment are a minimal (Lu, 2017). According to the existing research Albach et 

al. (2015), digital technology integration can provide various benefits to the industry. Study by 

Wang & Cheng (2020) revealed that communication between machines and products enables 

reconfigurable and flexible lines for the creation of customized items, even in small batches, for 

business operations. Furthermore, with the cyber physical system (CPS) for information 
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processing, businesses have better assistance for decision-making processes and faster response to 

various types of occurrences, such as manufacturing line breakdowns (Colli et al., 2019; 

Schumacher et al., 2019). As a result, these systems can boost company productivity by improving 

resource utilization efficiency, for example, by combining production with smart grids for energy 

savings (Dalenogare et al., 2018b). Industry 4.0 also provides prospects and benefits for future 

growth (Thames & Schaefer, 2017).  Hermann et al. (2016) and Tao et al. (2019) added that the 

technological integration concept allows collaborative networks of firms to pool resources, divide 

risks, and quickly react to market changes, embracing new opportunities. 

A study by Oztemel & Gursev (2020) indicated that implementing Industry 4.0 in production 

process offers real-time planning and control, allowing organizations to be flexible and nimble in 

responding to rapidly changing situations; for instance, minimizing planning cycles and frozen 

periods by responding to changes in demand, supply, and prices more quickly (Ghadge et al., 

2020b). Ghobakhloo (2018) added that business analytics methods can forecast future events and 

trends such as customer behavior, delivery time, and industrial output. Real-time delivery routing 

and tracking further improves logistics operations' flexibility, efficiency, and agility (Addo-

Tenkorang & Helo, 2016; Ghadge et al., 2020b; Ivanov et al., 2019).  

Industry 4.0 technologies give real-time, consistent, and reliable data to help businesses make 

better decisions (Horváth & Szabó, 2019; Nagy et al., n.d.; Oztemel & Gursev, 2020; Tao et al., 

2019). As a result, next-generation performance management systems will enable improved end-

to-end visibility across the value chain (Miragliotta et al., 2018; Shrouf et al., 2014). The data 

ranges from key top-level performance metrics like customer service and order fulfillment level to 

detailed process data like vehicle location in the logistics network (Ghadge et al., 2020a; Helo & 

Shamsuzzoha, 2020).  
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According to Pereira and Romero  (2017), the automation of physical tasks, planning, control, and 

information exchange processes improve manufacturing efficiency. A large number of businesses 

use automated technologies, particularly in their logistics operations (Dogru & Keskin, 2020; 

Nantee & Sureeyatanapas, 2021). Material handling robots and cranes, automated pallet handling 

systems, shipment tracking, unmanned autonomous vehicles, and fully automated warehouses are 

examples of these Industry 4.0 enablement (Ghadge et al., 2020a; Vaidya et al., 2018; Xu et al., 

2018). Plasch et al. (2021) also added that companies adopt cross-company transport optimization 

to improve track utilization and boost transport flexibility by cooperating and sharing facilities. 

Hence Industry 4.0 implementation enables the entire production network configuration and 

constantly improve to offer an optimal fit for business requirements (Fatorachian & Kazemi, 

2021a; S. S. Kamble et al., 2018). Micro-segmentation, mass customization, and advanced 

scheduling practices enable businesses to provide multi-choice packages for customers, efficiently 

solve last mile problems for high-value customers, deliver customers' orders at a faster rate by 

utilizing innovative, digitized delivery and distribution techniques such as drone delivery, and 

exceed customer expectations (Ghobakhloo, 2018; Hofmann & Rüsch, 2017). 

2.5.2 Challenges of Industry 4.0 Implementation 

 

The challenges for emerging countries in adopting Industry 4.0 technology differ from those faced 

by developed countries (Dalenogare et al., 2018b; Griffith & Tengnah, 2011). Because the idea of 

Industry 4.0 is still in its early stages, there is considerable uncertainty and a lack of understanding 

about the its true impact and contribution (Dalenogare et al., 2018b; Frank et al., 2016). Dalenogare 

et al. (2018b) argue that few studies on Industry 4.0 technologies have been done in the emerging 

economies on the assessment and the readiness and adoption in the industrial sector.  

University of Ghana http://ugspace.ug.edu.gh



37 
 

For most developed nations, governments supply the necessary infrastructure for the digital world 

(such as the internet and communication systems) (Shareef et al., 2009) . There is a lack of plan 

for transforming the industrial infrastructure in the developing world, owing to a lack of 

understanding about its benefits and repercussions of Industry 4.0 (Almada-Lobo, 2015; Ghadge 

et al., 2020b; Hermann et al., 2016; Hofmann & Rüsch, 2017; Kamble et al., 2018). 

Theorin et al. (2017) stated in their studies that, financial constraints are a fundamental issue in 

implementing Industry 4.0 in terms of the creation of advanced contemporary infrastructure and 

sustainable process improvements. A study by Ghadge et al. (2020b) revealed that the key priority 

that influences the volume of investment is the focal organization's technical competency. 

However, the economic perspective is still in its infancy; the lack of clarity on cost-benefit analysis 

and monetary rewards for digital investments is a critical issue for implementing Industry 4.0 in 

the context of developing countries (Masood & Sonntag, 2020; Müller et al., 2018). 

Müller et al. (2018) revealed that large amounts of data exchanged across the value chain pose a 

cybersecurity risk; thus, security and privacy concerns must be addressed in the implementation 

of Industry 4.0 when adopted. Any digital transformation or adoption of inadequate infrastructure 

and internet connectivity are significant impediments to the Industry 4.0 

implementation (Hofmann & Rüsch, 2017; Kamble et al., 2018; Saste & Files, 2017). 

Ghadge et al. (2020) states that with the globalization of company networks and markets, 

operational and management systems are becoming increasingly complicated. Companies are 

hesitant to implement Industry 4.0 technologies due to a lack of competencies for managing global 

data as well as the most recent technological breakthroughs (Masood & Sonntag, 2020; Olsen & 

Tomlin, 2020). Industries are uncertain and not acquainted with the term Industry 4.0, and they 
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are unaware of the benefits of digital transformation, hence they will be reluctant in accepting it 

(Ras et al., 2017; Theorin et al., 2017).  

Industry 4.0 transformational changes are rapid and necessitate proper skill development and 

training, which is difficult to execute without strong management backing (Gökalp et al., 2017).  

Other obstacles confronting firms attempting to integrate Industry 4.0 technologies include 

insufficient research and development procedures, a lack of infrastructure, low-quality data, a lack 

of digital culture, and a lack of trust among partners (Ghadge et al., 2020b; Ghobakhloo, 2018; X. 

Wang & Cheng, 2020) 

2.6 Ghanaian Manufacturing Firms 

Otchere et al. (2022), the manufacturing firms in Ghana are constantly challenged to introduce 

new products, cost-cutting processes, and procedures to ensure long-term viability . The study 

further added that market base for the manufacturing firms in Ghana are relatively saturated, 

customers seek superior products at lower prices in order to maintain their loyalty to a specific 

brand. As a result, in order to remain competitive in this saturated market, these firms must 

improve their innovation performance. The industrial sector in Ghana, experienced average annual 

growth of more than 10% from 2017 to 2019, and was a key contributor to economic growth 

(Ghana Investment Promotion Centre (GIPC), 2022). The most significant manufacturing firms in 

Ghana are those that process wood, produce pharmaceuticals, manufacture chemicals and cement, 

smelt aluminum, refine oil, and make textiles and apparel  (Achaw & Danso-Boateng, 2021). 

Ghana Investment Promotion Centre (GIPC) (2022) express that industrialization drive is  led by 

the private sector, which will arm and empower local communities to utilize their natural resources 

to produce goods that are in high demand both locally and internationally.  
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2.7 Chapter Summary 

This chapter examined relevant literature regarding the evolution of the industrial sector, the 

composition of Industry 4.0, its implementation and associate importance in adoption, some 

theories that have been used in previous studies and some related gaps in the adoption of I.4.0 

technologies. The next chapter looks at the theoretical framework underpinning the study. 
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CHAPTER THREE 

THEORETICAL FRAMEWORK AND DEVELOPMENT OF HYPOTHESES 

3.1 Introduction 

This chapter presents the theoretical framework underpinning the study, justification for the choice 

of theory and formulation of the research hypotheses.  

3.2 Technology Acceptance Model 

A common model for examining attitudes and elements that influence the acceptance of new 

technology is the Technology Acceptance Model (TAM), which was first developed by Davis 

(1989) (Chen & Lin, 2018). TAM focuses on elements that influence people's usage intentions 

when they are exposed to new technology (Douglas & Sutton, 2018). A person's intention to use 

new technology and attitude towards it has a role in determining whether or not they use it (S. 

Kumar et al., 2018). The Technology Adoption Model (TAM)  is a theory of information systems 

that explains how users come to embrace and employ new technologies (Harryanto et al., 2018). 

According to Agag & El-Masry (2016), this model presupposes that the two key factors 

influencing a person's adoption of a particular technology are his perception of the technology's 

usefulness and ease of use. 

Davis (1989) postulated that attitudes toward adopting a particular technology and subsequent 

plans to utilize and implement that technology are influenced by perceived usefulness and 

perceived ease of use. Perceived usefulness is defined “as the extent to which a person believes 

that using a particular system will enhance performance, and perceived ease of use refers to the 

extent to which a person believes that using a particular system will be free of effort” (Chien-Hsin 

Lin & Hsin-Yu Shih, 2007 p. 643).  

University of Ghana http://ugspace.ug.edu.gh



41 
 

According to the Technology Acceptance Model, three constructs, i.e., perceived ease of use 

(PEOU), perceived usefulness (PU), and intentions to utilize an innovation explain what influences 

or drives a user to adopt new technology (Rafdinal & Senalasari, 2021). Davis (1989) has shown 

that behavioral intention is another factor that influences how people utilize and accept new 

technology.  

TAM has been empirically tested in previous scholarly works to explain a variety of technological 

adoption-related (Castillo S & Bigne, 2021; Ferreira et al., 2021; Kamble et al., 2021; Masood & 

Sonntag, 2020; Pai & Alathur, 2019). Erdoǧmu & Esen (2011) also revealed that TAM has been 

empirically tested and validated through applications, replications, and in other scholarly works 

such as Flavián et al. (2022),  Kaushik & Rahman (2017) and Razali et al. (2021). The TAM 

provides results that enable the prediction and explanation of users in accepting innovation 

(Rafdinal & Senalasari, 2021) and is used to explore the adoption of new technology (Flavián et 

al., 2022).  

3.2.1 Technology Readiness Index 

 

Parasuraman (2000) established the Technology Readiness Index (TRI) paradigm, which has its 

roots in the technological paradox work (Mick & Fournier, 1998). Technology readiness “refers 

to the people’s propensity to embrace and use new technology for accomplishing goals in home 

life and at work” (Parasuraman, 2000 p. 3 08). The Technology Readiness (TR) model is employed 

as a theoretical foundation for technology adoption because it is connected to one's propensity to 

use new technology as well as overall sentiment regarding the new technology, and it is also 

pertinent to the marketing environment (Castillo S & Bigne, 2021; Chien-Hsin Lin, Hsin-Yu Shih, 

2007; Rafdinal & Senalasari, 2021). Omar et al. (2021) assert that the chances of technology 

adoption is increased by technology readiness.  
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Parasuraman & Colby (2001) indicated that explorers, pioneers, skeptics, paranoids, and laggards 

are the five categories used to classify individual technology usage behavior. When new 

technology is launched, explorers are hopeful about utilizing it and becoming early adopters. 

Pioneers are the next group to experiment with new technology, and they will need some help and 

level of assurance. Technology sceptics need to be persuaded of the advantages of using new 

technology before they will adopt it. Because they lack confidence and are worried about the 

hazards and adoption hurdles associated with new technology, Paranoids are slow to adopt it. 

Technology laggards, an extreme group, are those who refuse to adopt new technology unless 

required to (Omar et al., 2021; Parasuraman & Colby, 2001). 

The TR is appropriate to increase the understanding of Industry 4.0 technology adoption since it 

looks at the key factors influencing the adoption of new technology usage (Rafdinal & Senalasari, 

2021). The TR is used to evaluate a person's or people’s technological readiness (Park et al., 2021). 

TR comprise four constructs which include all four of the individual components of technology 

readiness: optimism, innovativeness, discomfort, and insecurity (Kim & Chiu, 2019; Parasuraman, 

2000). TR has many facets, each of which is distinguished by people's dominant personality traits 

about technology use. According to  Parasuraman (2000), TR is split into two categories: positive 

and negative technology readiness.  

The positive technology readiness includes, in particular, the following variables that encourage 

acceptance of new technology: Innovation is the propensity to be a technical trailblazer and thought 

leader. Optimism is a favorable attitude towards technology and the conviction that it gives 

individuals more control, flexibility, and efficiency in their life. The negative technology includes 

two things that prevent people from accepting modern technology: Discomfort – feelings of not 

having control over technology and feeling overwhelmed by it; Insecurity – feelings of mistrust of 
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technology arising from doubts about its reliability and worries about potential negative effects 

(Omar et al., 2021; Parasuraman, 2000; Raman & Aashish, 2021; Rojas-Méndez et al., 2017). 

3.3 Technology Readiness and Acceptance Model (TRAM) 

McFarland & Hamilton (2006)  argue that although the TAM has been thoroughly evaluated as a 

model for predicting consumers' adoption of new technologies, however it has been recommended 

that in order to improve its explanatory and prediction of technology acceptance behavior, the 

TAM should be expanded and augmented with additional elements (Kim & Chiu, 2019; 

McFarland & Hamilton, 2006).  

An integrated TRAM, which combines TR with the TAM, was developed to expand the TAM 

model and explain how TR influences users' adoption of new technologies ( Lin et al,. 2007). The 

TRAM asserts that consumers' prior technological exposure and general technological 

understanding have an impact on how they perceive new technology and how they react to it  (Lin 

et al., 2007; Kim & Chiu, 2019). In the TRAM, TR represents the person's viewpoint on technology 

in general, while the TAM connects this viewpoint to views regarding a particular technology ( 

Kim & Chiu, 2019). 

Lin et al. (2007) postulated the TRAM examines how trends in technology readiness and adoption 

relate to one another by linking the TRI to the system-specific characteristics of the TAM. The 

outcome demonstrates that TRAM enhances the prior two models' (i.e., the TAM and TRI) 

applicability and their explanatory potency. As a result, this model can be said to be predictive of 

technological adoption. 

TRAM has been used in prior research to examine how quickly technology is being adopted 

(Acheampong et al., 2017; Martens et al., 2017).  Parasuraman (2000) argued that a firm’s view 
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of whether technology is valuable for adoption depends on its prior experiences. The firm’s ability 

to embrace any technology will be influenced by its technological preparedness, making it a vital 

antecedent in models of technology adoption (Rafdinal & Senalasari, 2021; Sinha et al., 2019). 

This demonstrates the connection between a firm’s technological readiness and their adoption of 

new technology.  

Previous research has demonstrated how technology readiness affects how easily usable and 

valuable new technology is seen in the context of adoption (Acheampong et al., 2017; Huang et 

al., 2015; Park et al., 2021). Literature suggests that an entity’s perceived usability and 

convenience of use of a technology are impacted by its technological readiness. The consequences 

of TRAM   has not yet been adequately investigated (Rafdinal & Senalasari, 2021). As a result, 

this study aims to analyze how the TRAM dimensions and technological awareness affect Industry 

4.0 adoption among manufacturing firms.  
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Figure 3.1 TRAM Model 

Source:  Lin et al. (2007) 

3.4 Discussion of the Concepts in the Model 

3.4.1 Optimism 

 

Optimism “refers to a positive attitude towards technology with the belief that technology will 

improve daily living quality and provide convenience, flexibility or efficiency”( Parasuraman, 

2000 p.311). Technology optimism refers to a favorable view of technology and the conviction 

that it provides more power, flexibility, and efficiency (Ferreira et al., 2021). Consequently, 

optimists are more likely than the broader population to accept new technology, and they also get 

to experience its advantages first (Huang et al., 2015).  

Optimists are more willing to accept new technologies and agree the way things are (Acheampong 

et al., 2017). Prior studies have linked the adoption of new technologies to optimism (Kim & Chiu, 

2019; Raman & Aashish, 2021). Hence, optimism has an impact on technology readiness which 
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will facilitate manufacturing firms to adopt Industry 4.0 technologies in their manufacturing 

processes with the view that, the new technology will improve manufacturing performance to 

enhance customer satisfaction (Park et al., 2021). 

3.4.2 Innovativeness  

 

Innovativeness “refers to the tendency to be a pioneer in the adoption of technology and a leader 

in technological thinking”(Kumar et al., 2018 p.149). Agarwal & Prasad (1999) explained 

innovativeness as the willingness of people's openness to adopt and utilize new technologies. 

Innovative people are always eager to use the latest cutting-edge technology (Larsen, 2011). When 

using new technology products, they are able to pick them up quickly and do not require manuals 

or expert advice and they are also eager to assist their pals when they run into difficulties with new 

technology (Huang et al., 2015).  

Users who are considered "innovative" adopt new concepts earlier than other users (Rogers, 2003). 

Thus, if firms perceive Industry 4.0 technologies as new and innovative, it could influence their 

readiness to adopt. High-capability innovators are more likely to be aware about new technologies  

and act as information seekers about the technologies occurring in their field (Pai & Alathur, 2019). 

Therefore, firms that are innovative may be quicker and faster in exploring the capabilities of 

Industry 4.0 technologies and the associated benefits of adopting such technologies in their 

manufacturing process.  

3.4.3 Discomfort 

 

Discomfort is defined by Parasuraman (2000 p.311) “as the perceived lack of control over 

technology and a feeling of being overwhelmed by it”. Huang et al. (2015) stated that discomfort 

is the overwhelming perception of technological knowledge and use being difficult. A user's 
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readiness to use the system could be affected if they believe it to be discouraging to use or a source 

of physical or mental discomfort (Omotayo & Adekunle, 2021). However, a lack of relevant firms’ 

technological experience is also a factor in customers' unease to adopt a new technology (Huang 

et al., 2015).   

Raman & Aashish (2021) observed that people who are hesitant to adopt innovative technologies 

often become cautious of novel technologies. It can be stipulated that, manufacturing firms which 

are apprehensive of new technologies will be reluctant in embracing Industry 4.0 technologies in 

their manufacturing processes. Such firms may be well-informed about the benefits of adopting 

Industry 4.0 technologies but would be hesitant in the adoption of these technologies because of 

their apprehension. 

3.4.4 Insecurity 

 

The term "insecurity" describes a lack of confidence and skepticism regarding the accuracy and 

dependability of new technology ( Parasuraman, 2000). Huang et al. (2015) argues that, although 

technology increases the standard of living and productivity at work, it is possible for software 

bugs, outdated technology, or information technology programs to result in significant losses and 

damages. Arguably, Industry 4.0 technologies are relatively new particularly relative to African 

manufacturers. It is therefore possible to have manufacturing firms lacking confidence and others 

being skeptical about these technologies. As a result, manufacturing firms that associate a higher 

level of insecurity and perceive the possibility of threats with adopting Industry 4.0 technologies 

in their operations will be reluctant in accepting it. 
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3.4.5 Perceived Ease of Use 

 

Perceived ease of use (PEOU) “refers to the extent to which a person believes that using a 

particular technology system will be free of efforts” (Lin et al. 2007 p. 643).  According to Park et 

al. (2021) perceived ease of use affect how technology users feel about using a new technology. 

Industry 4.0 combines intelligent production processes and embedded production system 

technologies to create a new technological era that will profoundly alter business models, 

production value networks, and industry value chains (Zhong et al., 2017). The argument can 

therefore be made that, where manufacturers perceive Industry 4.0 technologies to be easy to use, 

given the usefulness of a technology, firms will be willing to adopt Industry 4.0 technologies to 

enhance their manufacturing operations.  

3.4.6 Perceived Usefulness 

 

Perceived usefulness (PU) is “defined as the extent to which a person believes that using a 

particular system will enhance his or her performance” ( Lin et al., 2007). PU measures an 

individual's level of optimism that a particular system will enable them to complete a particular 

task (Rafdinal & Senalasari, 2021). According to Erdoǧmu & Esen (2011), perceive usefulness is 

the subjective likelihood that a certain application system will improve a user's capacity to perform 

their job in an organizational setting. More precisely, if manufacturing firms believe that adopting 

Industry 4.0 technologies will improve their operations performance dimensions (cost, quality, 

flexibility, speed and dependability), there will be a high readiness of such firms in embracing the 

Industry 4.0 technologies. 
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3.4.7 Use Intention 

 

Intention to use is the desire and effort to engage in a behavior (Erdoǧmu & Esen, 2011). Use 

intention is the extent to which a person has made conscious decisions to engage in or refrain from 

engaging in a particular future behavior (Maity et al., 2019).  Al-Rahmi et al. (2019) postulated 

that use intention influences how an Information System (IS) is really used, which determines how 

well a technology is adopted. Use intention is very much dependent on the perceived usefulness 

of the technology together with the perceived ease of use of that technology. Consequently, 

manufacturing firms who perceive Industry 4.0 technologies to be useful and easy to use will 

demonstrate a higher level technology acceptance and readiness in its adoption. 

3.5 Justification of TRAM 

Stănescu & Romașcanu (2022) emphasize that, with the rapid improvement and advancement in 

technology in information system research, it   makes it challenging to choose between accepting 

and rejecting new models to explain the adoption of new technology. TRAM stands out among the 

models and theories that have been produced in this regard to describe how technology is used 

effectively in terms of adopting and utilizing new technologies (Chen & Lin, 2018).  

The Technology Readiness and Acceptance Model is thought to be the  best suitable for the study 

because it to helps explain how effectively new technology would be  adopted and used and it 

forecast how users would behave when embracing new technology and their readiness in adopting 

(Huang et al., 2015; Omar et al., 2021; Rojas-Méndez et al., 2017). The TRAM has been used to 

examine user approval of a variety of technological services, such as online stock trading platforms 

(Lin et al., 2007), self-service  (S. Kumar et al., 2018; P. Raman & Aashish, 2021),  augmented 

reality application (Castillo S & Bigne, 2021) and application of software (Omotayo & Adekunle, 
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2021). The multiple TRAM implementations in the mentioned above scholarly works demonstrate 

how important the variables of TRAM play in influencing behavioral intention to adopt new 

technology.  

TRAM is one of the prominent models used to assess the readiness and acceptance of technology 

(Chen & Lin, 2018). Prior studies have established the TRAM as a robust model with appropriate 

variables in predicting user readiness and acceptance of novel technologies ( Kumar et al., 2018; 

Omotayo & Adekunle, 2021; Park et al., 2021). Thus, the use of TRAM leads to a better prediction 

of the readiness and acceptance of new information resource. Therefore, in the context of the 

adoption of Industry 4.0 technologies, this study has provided a complete assessment of previous 

TRAM related investigations. For instance, ( Lin et al., 2007) revealed that technology readiness 

and acceptance, is one of the prominent models for information technology readiness and 

acceptance research and the prevailing theoretical approach regarding user’s adoption of Industry 

4.0 technologies.  

Therefore, to ascertain the extent of readiness for the adoption of Industry 4.0 technologies in 

manufacturing firms, it is appropriate to adopt a model that incorporates optimism, innovativeness, 

discomfort, insecurity, perceived ease of use, perceived usefulness and user intention to adopt the 

technology. This study therefore adapts the TRAM to achieve it outlined objectives.  

3.6 Research Model and Hypothesis Development 

TRAM examines how technology readiness trends relates to acceptance of technology by 

connecting the TRI to the system-specific dimensions of the TAM. The outcome demonstrates that 

TRAM improves the applicability and explanatory strength of the proceeding two models in 

marketing contexts  (Lin et al., 2007). TRAM has been used in prior research to examine how 
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quickly technology is being adopted (Acheampong et al., 2017; Martens et al., 2017). As a result, 

this model can be said to be predictive of technological adoption.  

The current research therefore employs the TRAM as the theoretical lens to explore the 

phenomenon under study. The theoretical framework (Figure 3.2) is underpinned by the TRAM. 

In the framework, TRAM measures users’ positive (i.e. optimism and innovativeness) and negative 

(i.e. discomfort and insecurity) towards technological readiness ( Parasuraman, 2000). The TRAM 

dimensions examine users’ perception of embracing Industry 4.0 technologies such as enthusiasm 

(optimism and innovativeness), perception of control and reliability (discomfort and insecurity); 

these often influences users’ decisions that leads to adopting new technology in firms 

manufacturing processes. In addition to complement the framework, the study proposed awareness 

of Industry 4.0 technologies among the manufacturing firms.   

Awareness is an essential variable (Sinha et al., 2019), the factors that influence how quickly users 

adopts new technologies depend on their level of awareness or how much they are aware those 

technologies. Hence, optimism, innovativeness, discomfort, insecurity and awareness are 

considered as the technology readiness factors influencing manufacturing firms’ perceived ease of 

use and perceived usefulness of Industry 4.0. The perceived ease of use and perceived usefulness 

to adopt Industry 4.0 technologies which is moderated by support resources such as Information 

Technology (IT) infrastructure, IT capabilities and financial resources also influences the intention 

to adopt Industry 4.0 technologies.  
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Figure 3.1 Theoretical Framework of the study 

Source: Researcher 

3.6.1 Optimism, perceived ease to adopt and Perceived usefulness  

 

Optimism is the expectation of a user towards a new system is optimism (Omotayo & Adekunle, 

2021). Parasuraman postulated that, optimism relates to “a positive view towards technology and 

trust that it will offer people more efficiency, flexibility and control”( Parasuraman, 2000 p. 311). 

He discovered that optimism influenced technological readiness. Hence, if firms have a positive 

assessment of Industry 4.0 technologies such as perceiving the technologies to offer them control, 

efficiency and flexibility in their operations, they would be most likely adopting it. Users who are 

optimistic and confident about a technology are less likely to focus on its drawbacks and are more 

likely to accept it (Raman & Aashish, 2021). These users believe that a novel technology will offer 

several benefits, including improved ownership, increased adaptability, and a successful means of 

satisfying their needs (Parasuraman, 2000). Other scholarly works (Hasan & Bao, 2022; Kim & 
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Chiu, 2019; Raman & Aashish, 2021) have shown a correlation between optimism perceived ease 

to adopt and perceived usefulness. On the basis of this, the initial hypothesis is put forth.   

H1a: Optimism about Industry 4. 0 technologies positively influence manufacturing 

firms’ perceived ease to adopt the technologies. 

H1b: Optimism about Industry 4.0 technologies positively influences manufacturing 

firms’ perceived usefulness of the technologies. 

3.6.2 Innovativeness, Perceived ease to adopt and Perceived usefulness to adopt 

 

Innovativeness is referred to “as a propensity of being a technology pioneer and influencer” ( 

Parasuraman 2000 p.311). According to Omotayo & Adekunle (2021), innovativeness is the 

perception of a user about a system. Chen & Lin (2018) posited that innovation is a key factor in 

cognitive absorption, which affects how easily and effectively information technology (IT) is 

considered and used. Although the potential worth of new technology is uncertain and its benefits 

are not immediately apparent (Codini et al., 2022), people who are more innovative have less 

complex belief systems about it and positive perceptions of the technology's utility (Pai & Alathur, 

2019). Singh & Aggarwal (2022) describe how the term "innovativeness" is frequently used to 

evaluate the "newness" of an innovation, and how innovative products are typically marked with 

a high level of newness. In light of this, firms that embrace technological innovation are more 

likely to believe that adopting Industry 4.0 technologies will make them easier to use and will 

emphasize their advantages.  Rogers (2003) states that users who are deemed "innovative" quickly 

adopt new concepts earlier than other users. Thus, it is therefore hypothesized that: 

H2a: Innovativeness of manufacturing firms positively influences their perceived ease to 

adopt Industry 4.0 technologies. 
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H2b: Innovativeness of manufacturing firms positively influences their perceived 

usefulness to adopt Industry 4.0 technologies. 

3.6.3 Discomfort, perceived ease to adopt, perceived usefulness to adopt 

 

Discomfort is defined as “a perceived lack of control over technology and a feeling of being 

overwhelmed by it”(Parasuraman & Colby, 2001 p. 44). People who are uneasy with new 

technology frequently feel anxious about using it, such people frequently regard some new 

technologies as being inappropriate for laypeople and feel controlled by new technology 

(Parasuraman, 2000). Concerns about implementing new technology have a detrimental impact on 

how easy it is to be adopted and how beneficial it is when adopted (Chen & Lin, 2018). Higher 

levels of discomfort among firms lead to a perception that technology is more complicated and 

difficult to utilize (Musyaffi et al., 2021), hence, discomfort regarding the adoption of Industry 4.0 

technologies has a negative impact on perceived ease to adopt and perceived usefulness to adopt 

these technologies. It is therefore hypothesized that: 

H3a:  The discomfort of manufacturing firms about Industry 4.0 technologies negatively 

influences their perceived ease to adopt the technologies. 

H3b: The discomfort of manufacturing firms about Industry 4.0 technologies negatively 

influences their perceived usefulness of adopting the technologies. 

3.6.4 Insecurity, Perceived ease to adopt and Perceived usefulness to adopt 

 

Insecurity is defined as “a distrust of technology and skepticism about its ability to work properly” 

(Parasuraman & Colby, 2001 p. 44).  Parasuraman & Colby (2001) further added that people who 

feel more insecure may be aware of certain potential risks associated with using modern 

technologies. As a result, these people frequently lack confidence in the security of new 
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technologies (Chen & Lin, 2018). Ali et al. (2021) indicated that the perceived usefulness to adopt 

and perceived ease to adopt a technology are adversely affected by perceived hazards. According 

to Musyaffi et al. (2021), because of worries about security and privacy, some people mistrust new 

technology and refuse to adopt it. Therefore, people are reluctant to take the risk to adopt new 

technology unless they think they may gain significant benefits from doing so (Chen & Lin, 2018). 

Thus, it is hypothesized that: 

H4a: Manufacturing firms’ feeling of insecurity about Industry 4.0 technologies 

negatively influences their perceived ease to adopt these technologies. 

H4b: Manufacturing firms’ feeling of Insecurity about Industry 4.0 technologies 

negatively influences their perceived usefulness to adopt these technologies.   

3.6.5 Awareness, Perceived ease to adopt and Perceived usefulness to adopt 

 

According to information management principles, in adoption of ICT, the primary factors for 

adoption are raising awareness among stakeholders, i.e., end users, about the implementation of 

innovation in terms of factors and issues, basic paradigms of the new system, a comprehensive 

view of advantages and disadvantages, and overall system security (Shareef et al., 2009). The 

factors that influence the adoption of new technologies in manufacturing is based on the 

knowledge a firm has on the technology (Kinkel et al., 2022). Okot-Uma & Caffrey (2000) defined 

awareness as “providing information about the political process, about services and about choices 

available, the time horizons for the decisions-making process and about the exponents of the 

decision-making process”. From the Industry 4.0 perspective, new technologies are affecting 

traditional manufacturing processes and hastening the transition to digitalized manufacturing 

(Barreto et al., 2017; Frederico et al., 2020; Zhong et al., 2017).  
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To adopt the new technologies for  manufacturing process to improve performance, firms must 

develop basic capabilities, taking into account digitalization and their integration with workers, 

customers, and suppliers throughout their operations (Queiroz et al., 2019). However Queiroz et 

al. (2019) maintains that, in this day and age of digitalization, neither decision-makers nor 

organizations are fully aware of their capabilities or how a set of resources and capabilities can be 

developed and managed to support global competition. Firms must be aware of the characteristics 

of the technology as well as its functional benefits in order to adopt new technology in 

manufacturing (Ardito et al., 2019). Awareness, ability, intention, and preparation all contribute 

to the overall readiness for industry 4.0 adoption and implementation (Shareef et al., 2009). In this 

regard, it’s hypothesized that: 

H5a: Manufacturing firms’ awareness of Industry 4.0 technologies positively influences 

their perceived ease to adopt these technologies. 

H5b: Manufacturing firms’ awareness of Industry 4.0 technologies positively influences 

their perceived usefulness to adopt such technologies. 

3.6.6 Perceived ease to use and Intention to adopt 

 

Perceived ease of use “is the degree to which a person believes that using a particular system would 

be free of effort” (Davis, 1989 p. 320). Perceived Ease of Use (PEOU) is assumed, would 

positively influence firms’ intention to adopt Industry 4.0 technologies, if the technology is easier 

to use. Considering the rapidly emerging and continuing technological revolution where changes 

are taking place in all business environments and industries (Zekhnini et al., 2021), with global 

competition intensifying, firms are scouting for technologies which can enhance their efficiencies 

and their responsiveness. Manufacturing firms uses innovative information and manufacturing 
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technology to create flexible, intelligent, and adaptable manufacturing processes to serve a 

dynamic and international market (Zhong et al., 2017). Such technologies must be perceived to be 

easy to use rather than complicating their operations. Studies have discovered relations between 

PEOU and the intension to adopt a new technology (Pai & Alathur, 2019; R. Raman et al., 2021). 

Acheampong et al. (2017) identified that PEOU has a key effects on adopting and use of new 

technology. Hence, this study seeks to know how PEOU influences intention to adopt. 

H6: Manufacturing firms’ perceived ease of use of Industry 4.0 technologies positively 

influences their intention to adopt such technologies.  

3.6.7 Perceived usefulness and Intention to adopt  

 

According to  Lin et al. (2007), technology readiness and people's intentions to employ a certain 

technology are entirely mediated by perceived ease to adopt (PEOU)  and perceived usefulness 

(PU). Perceived usefulness is the of the idea that adopting a technology would enhance a user’s 

ability to execute a particular task (Park et al., 2021). Technologies enable information flow and 

processes in manufacturing firms to be available where and when they are needed across  their 

phases of operations industries (Zhong et al., 2017). Wang (2018) indicated that in this recent time 

of technological advancement, manufacturing firms require certain underpinning technologies in 

order to enable their operational devices to respond to different requirements and situations based 

on learning capabilities and past experiences. These technologies enable manufacturing with direct 

communication systems, thereby allowing the making of adaptive decisions and helping 

challenges to be solved in real-time (Tangahu et al., 2021).  This implies that, people intend to 

adopt or use a technology to the extent that it will improve their ability to enhance their 

performance (Omotayo & Adekunle, 2021). Scholarly works in the field of information systems 
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research have provided evidence  of PU on adoption (Erdoǧmu & Esen, 2011; Mensah, 2020; 

Rojas-Méndez et al., 2017). Based on this, a hypothesis is developed that: 

 

H7: Manufacturing firms’ perceived usefulness of Industry 4.0 technologies positively 

influences their intention to adopt such technologies.     

3.6.8 Moderating role of Support Resources 

 

Support resources are referred to as personnel, capabilities, equipment and materials to enable 

continuity in a firm’s operations. Support resources are also essential for routine operational and 

maintenance processes (Yu & Wang, 2012). For the purposes of the present study, support 

resources may include IT infrastructure, IT capabilities and financial resources. A firm’s intention 

to adopt Industry 4.0 technologies would be dependent on its existing support resources such as 

IT infrastructure, IT capability and financial resource. Support  resources are therefore anticipated 

to moderate effect of perceived ease to use and perceived usefulness on a firm’s intention to  adopt 

a new technology (Faqih & Jaradat, 2015). Prior studies indicate that firms’ willingness to adopt 

Industry 4.0 technologies are heavily influenced by the perceived usefulness, perceived ease,  and 

external elements such as support resources (Liu et al., 2014; Mensah, 2020). Perceived usefulness 

and perceived ease of use have large and favorable impact on the intention to adopt Industry 4.0 

technologies. Mensah (2020) discovered that, the primary factor influencing firms’ intention to 

adopt Industry 4.0 technologies are the perceived usefulness and perceived ease of use. Support 

resources will have a moderating effect on the relationship between perceived ease of use and the 

firm’s intention to adopt Industry 4.0 technologies as well as on the relationship between perceived 

usefulness and the firm’s intention to adopt Industry 4.0 technologies (Srivastava et al., 2022). 

Further, support resources have been found to be relevant moderators of the relationship between 
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firms’ perceived ease to adopt, perceived usefulness to adopt and intention to adopt Industry 4.0 

technologies (Kim & Garrison,  2009; Zailani et al.,2015). 

      H8a: Support resources moderate the relationship between perceived ease to adopt 

Industry 4.0 technologies and the intention to adopt Industry 4.0 technologies.      

      H8b: Support resources moderate the relationship between perceived usefulness of 

Industry 4.0 technologies and the intention to adopt Industry 4.0 technologies.  

3.7 Chapter Summary 

This chapter discussed the theoretical foundations of the study which formed the basis for the 

development of the proposed theoretical framework and the development of the hypotheses. 

Fourteen hypotheses were developed for the study.  The study is theoretically anchored on the 

foundations of the Technology Readiness and Acceptance Model (TRAM). The research variables 

have been borrowed from the TRAM to ascertain the factors influencing manufacturing firms’ 

adoption of Industry 4.0 technologies. By considering an individual's prior experiences and general 

knowledge of utilizing technology, TRAM makes it easier to comprehend how they see adopting 

a new technology (Raman et al., 2021). TRAM helps in evaluating a user's viewpoint on any 

generic technology using the following constructs optimism, innovativeness, discomfort and 

insecurity.  
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CHAPTER FOUR 

RESEARCH METHODOLOGY 

4.1 Introduction 

The third chapter presented the theories underpinning the study where the constructs of the 

Technology Readiness and Acceptance Model (TRAM) were explained. Furthermore, because the 

study used a quantitative approach, there was the development of hypotheses to predict research 

outcomes. This chapter discusses the research methodology employed comprising methodological 

issues such as the research paradigm, research design, research population, sampling technique 

employed, sample size determination, design of the data collection instrument, the mode of the 

data collection process, techniques for analyzing data collected and ethical considerations. 

4.2 Research Paradigm     

Researchers have a perspective that informs and directs their study and how they understand, 

interact and interpret events in their environment. This is referred to as a paradigm (Bostley, 2019). 

Anand et al. (2020) argued that a paradigm establishes distinct limits for the components of a 

certain area or specifies which theories are pertinent. Buriro et al. (2021) indicated in their study 

that a paradigm of research is the way of thinking philosophically. As a result, researchers need to 

choose a suitable paradigm in their field of research.  

A paradigm outlines which theories are relevant or establish clear boundaries for what constitutes 

a given field (Anand et al., 2020). Anand et al. (2020) further added that these boundaries allow 

researchers to harmonize the selection of research questions, methods, and, ultimately, the 

direction of investigation in their respective fields. Gannon et al. (2022) emphasized that different 
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research paradigms yield different types of understanding while emphasizing that philosophical 

diversity does not contradict an external reality.  

Paradigms can be categorized by how their proponents respond to three basic questions (Lincoln 

& Guba, 2011). A paradigm is categorized into ontological, epistemological and methodological 

philosophies. Ontological philosophy is concerned with the nature of social reality and the nature 

of things that exist, such as existing conditions and relationships. Epistemological philosophy 

seeks to answer the fundamental question of what separates adequate knowledge from inadequate 

knowledge whilst methodological philosophy involves the ability to be objective in the real world 

(Gannon et al., 2022a; Guba & Lincoln, 1990; Thomas, 1970). Gannon et al. (2022a) argued that 

different research paradigms produce different types of understanding and diversity in 

philosophical perspectives.  

The difference in understanding and diversity does not imply superiority, but rather the best way 

to achieve the research goals (Gannon et al., 2022b). In addition, Briggs & Coleman (2019) also 

proposed that the three paradigm-related philosophies (ontology, epistemology, and methodology) 

assist the researcher in establishing assumptions and events the researcher is studying or 

researching on. These philosophies tell how to explore, investigate, and comprehend the research 

problem and the methods used to address the research questions (Ednut & Khatoon, 2021). 

4.3 Choice of Paradigm 

Various classifications distinguish paradigms hence, there are various paradigms (Krauss, 2015; 

Žukauskas et al., 2018). Critical realism, interpretivism, pragmatism and positivism paradigms are 

the most well-known and widely used paradigms that reflect major theoretical directions in 

information systems (Cecez-Kecmanovic, 2013; Douglas & Sutton, 2018). The positivist 
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paradigm is adopted in this study to help achieve the study's goal. According to Gannon et al. 

(2022b), the core of positivism is sovereign ‘truth’. This is used to shape subsequent attempts to 

explain phenomena by the development and testing of hypotheses. Park et al. (2020) highlighted 

that one of the primary goals of positivist inquiry is to generate causal relationships or explanatory 

associations that eventually predict and control the phenomena under consideration. 

The perspective of positivist research contends that reality is independent and external with it many 

parts open to being measured objectively (Krauss, 2015). Krauss (2015) further added that 

positivists believe in experimentation and are of the view that observation and measurement are 

significant to scientific inquiry. The positivist paradigm establishes that the individual’s values, 

biases, and beliefs cannot alter the results of any robust study due to its objective view of ‘reality’ 

(Gannon et al., 2022a; Lincoln & Guba, 2011). As a result, Savin-Baden & Major (2013) indicated 

that positivist research contends that knowledge is discovered rather than created, with 

measurements and measurable facts, propositions, and hypotheses at the base of knowledge 

discovery.  

The positivist paradigm enables researchers in determining consistencies and other types of 

association between constructs through the manipulation of reality (Park et al., 2020). Kasim & 

Antwi (2015) indicated in their study that positivism allows researchers to investigate things 

experimentally and then explain them logically. Park et al. (2020) further argued that positivism 

employs the hypothetico -deductive method to verify theoretical hypotheses, which are frequently 

stated quantitatively. Hypothetico-deductive “refers to the scientific model based on forming a 

testable hypothesis and developing an empirical study to confirm” (Park et al., 2020 p. 691). Lan 

(2018) argued that positivism shows functional relationships and can be derived between 

explanatory factors and causal factors, that is, independent variables and dependent variables.  
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Positivism helps avoid frustration by connecting the research through a structured plan that shows 

how all of the major parts of the research work together consistent with respondent s’ knowledge 

(Douglas & Sutton, 2018; Lan, 2018). Ofori-Amanfo et al. (2022) indicated that positivism is 

uniquely concerned with gathering facts through direct experiences or observations, quantifying 

them empirically through quantitative methods (surveys and experimentations), and applying 

statistical analysis to the data. Similarly, the positivism paradigm is used to gain a thorough 

understanding of the experiment and observations (Krauss, 2015). Hence, positivism enables the 

study to obtain scientific information objectively. The positivist paradigm is considered to be 

appropriate for this study due to the nature of the causal relationships being explored in the study.  

4.4 Research Methods and Design  

Research design is the pattern for gathering, organizing, and analyzing data to produce appropriate 

research findings (Creswell, 2014). Bostley (2019) describes research design as a plan, structure, 

and strategy of investigation used to obtain answers to research questions while maintaining 

optimal control of variables. Creswell & Creswell (2003) describes research design as the phases 

used in gathering, organizing, and analyzing data for research to achieve the desired results and 

the research finding. A researcher's ideas are reflected in the research design (Bostley, 2019). 

Bostley (2019) further argued that research design helps avoid frustration by connecting the 

research through a structured plan that shows how all of the major parts of the research work 

together to answer the research questions. Research design determines the types of analyses that 

must be performed to achieve the desired results (Mühl, 2014).  

According to Bostley (2019), there are three distinct approaches to research. These are the 

quantitative, qualitative and mixed method research approach. Qualitative research emphasizes 

exploring and comprehending the meaning that a person or group of people ascribes to a social or 
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human problem (Bostley, 2019; Creswell, 2014). Denzin & Lincoln (2011) indicated that 

qualitative research approach produces data that is not quantifiable and uses observations, 

interviews and participation in generating data. The mixed method research approach integrates 

the qualitative and quantitative research approaches (Bostley, 2019; Creswell, 2014). Heigham 

(2009) states that researchers collect both numeric and textual data for analysis in the mixed 

methods approach.  

The quantitative research approach uses techniques and measurements that produce discrete and 

quantifiable values (Denzin & Lincoln, 2011). Bostley (2019) revealed that in quantitative studies, 

the relationships between variables is objectively determined and allows the researcher to generate 

data or test hypotheses using various data collection methods. Al-Ababneh (2020) posited that the 

quantitative research method investigates the relationships between variables to explain, predict, 

and control a phenomenon. Quantitative research involves collecting numeric data and then 

analyzing the data using mathematical and statistical models (Marvasti, 2018). This study adopted 

the quantitative research method.  

The choice of a  quantitative research approach will enable the use of mathematical and statistical 

analysis ( Ofori-Amanfo et al. 2022), in assessing the adoption of Industry 4.0 technologies among 

Ghanaian manufacturing firms. However, apart from the quantitative method being appropriate 

for the context of this study, another reason for selecting it over the other approaches is to unearth 

conclusive evidence of the study rather than simply providing information. Prior studies indicated 

that, because quantitative research involves numbers and values, statistical tools and software 

packages such as SPSS, PLS-SEM, AMOS, STATA, and others are essential for the study 

(Cooksey, 2020; Rasoolimanesh et al., 2021). 
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4.5 Research Population 

A research population is referred to the total number of items or situations that make up the subject 

of a study (Etikan, 2016). The targeted population of the research were the manufacturing firms in 

Ghana. It covered the manufacturing industry in Ghana but largely concentrated on firms located 

in the Greater Accra region of Ghana. The respondents of the questionnaire were the CEOs, 

General Managers, Operations Managers, IT Managers, Supply Chain Managers, Financial 

Controllers and the Procurement Managers from manufacturing firms. These individuals are 

presumed to be actively involved in the adoption of new technology hence, would be in the 

capacity to provide the needed data for the research. 

4.5.1 Sampling Technique and Procedure 

 

Mühl (2014) indicated that a sample is a subset of a population chosen for observation and analysis. 

Mühl (2014) further adds that a sample is a collection consisting of a portion or subset of the 

population's objects or individuals chosen for the express purpose of representing the population. 

Creswell (2014) indicated that in statistical practice, sampling is the process of choosing a set 

predetermined number of individual observations from a population in order to learn about the 

population's concerns and create predictions using the sample.  Fielding et al. (2012) postulated 

that the outcomes of data collected and analyzed from a sample of the population should be 

consistent with the outcomes obtained if data were collected from the entire population.  

The convenience sampling technique was used for the selection of the participating manufacturing 

firms. Convenience sampling is a type of non-probability sampling technique where the target 

population is selected for the study if it fits specified practical requirements, such as simple 

accessibility, geographic proximity, availability at a specific time, or willingness to participate 

(Chiu & Cho, 2021; Etikan, 2016). Convenience sampling is a type of non-probability sampling 
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technique where the respondents are willing to participate in the study and are also readily 

accessible (Lamm & Lamm, 2019). 

The non-systematic approach of purposive sampling was employed as the sampling technique after 

identifying the minimal sample size required for the study to select the individual respondents from 

the firms. Purposive sampling was employed for this study because samples were chosen with the 

notion that each participant would provide the study with unique and useful information in 

accordance with the study's objectives.  Tongco (2007) observe that the use of the purposive 

sample technique is essential to the accuracy of the data collected; as a result, the informant's 

dependability and competency must be guaranteed and can be employed by both quantitative and 

qualitative researchers. The purposive sampling technique according to Etikan (2016), is a non-

probability sampling that works well when one wishes to research a specific cultural subject with 

informed experts inside. 

4.5.2 Sample Size Determination 

 

A sample refers to a part of a larger population (Etikan, 2016). The number of study participants 

or observations is referred to as the sample size (Malterud et al., 2016). Goodhue et al. (2012) 

argued that to obtain consistent and reliable sample results, researchers must consider the sample 

size of their study. The number of people who exhibit a particular feature is referred to as its 

prevalence in technical terms (Gupta, 2022). How precisely a researcher wishes to estimate the 

prevalence will determine the sample size required for your study. “Precision is the amount of 

error in a measurement” (Conroy, 2021 p.8). The greater the sample size, the lower the likelihood 

of measurement error and, thus, the greater the likelihood that the prevalence you detect in your 

sample will be near to the actual prevalence in the population (Riley et al., 2020). Researchers 
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must closely evaluate the size of the sample being utilized in the study to obtain consistency and 

reliability of the results (Bagozzi, 2013).  

The Ghana Living Standard Survey's (GLSS 7, 2016-2017) served as the source of population for 

the manufacturing firm in Ghana. The study focused on   manufacturing companies that were 

registered and active in the Greater Accra region of Ghana.  The GLSS 7 reported that 12,500 there 

are registered manufacturing firms in the Greater Accra region (Ghana Statistical Service, 2019). 

The sample size was estimated from the study population, following the Slovin’s Sample Size 

formula to calculate the sample size.  

Sample Size =
𝑁

(1 + 𝑁 ∗ 𝑒2)
 

=
12500

(1 + 12500 ∗ 0.12)
 

     = 101 

Where: 

 N is the population (Number of manufacturing firms in the Greater Accra region) 

‘e’ is the margin of the error. A margin of error at 10% was used.  

The estimated sample size for the study was 101 manufacturing firms. This indicates that the 

minimum sample size for this study was determined to be 101 manufacturing firms. 120 firms 

were however used to cater for non-responses. Two respondents were purposively selected from 

each participating firm to yield a total of 240 responses.  
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Table 4.1 Conroy Sample Size Determination 

 

Source: (Conroy, 2021). 

The Table 4.1 above guides the determination of sample size sizes that are required for a study 

based on the population and acceptable margin of error. From the GLSS 7 report, there are about 

12500 manufacturing firm registered in the Greater Accra region. This indicates that the population 

for this study fall within large on table. Based on this, at the margin error of 10%, 96 firms can be 

used as the minimum sample size for this study without bias. However, this study employed 120 

firms to enhance the response rate. 

4.6 Design of Data Collection Instrument  

Data for the study was collected through the use of questionnaire (see Appendix A). The 

questionnaires were administered to obtain relevant data from the respondents. For reliability and 

validity,  Straub (1989) guideline for designing a survey instrument was used. Bostley (2019) 

postulated that a survey is a technique for gathering large amounts of data, usually in statistical 

form, from a large number of people in a relatively short period by using closed-ended questions. 

The questionnaire was developed following a review of literature on Industry 4.0 and the theory 

underpinning the study, that is the Technology Readiness and Acceptance Model (TRAM).  
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4.6.1 Survey Questionnaire Design 

 

The questionnaires were developed based on the research questions, conceptual framework and 

the hypotheses of the study which were all informed by the literature on Industry 4.0 and TRAM. 

The questionnaire was designed into three sections. The first section was purposely designed to 

collect demographic data, which included age, gender, educational level, position at work, the 

number of years of experience and the type of industry the respondent operates. The second section 

was focused on seeking answers to the research questions and the third and final section of the 

questionnaire was based on the constructs presented in the conceptual framework. The constructs 

were measured using a 5-point Likert type scale. The interpretation of the scale is given in Table 

4.1 

Table 4.2 Likert Type Scale 

 

NO. Rating 

1 Strongly Disagree 

2 Disagree 

3 Neutral 

4 Agree 

5 Strongly Agree 

Source: Researcher 

According to Maher et al. (2018), the 5-point Likert scale questions are regarded as the type that 

provides consistent and accurate outcomes for multivariate analysis.  
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Table 4.3 Number of measurement items per each construct and sources 

 

Constructs  No. of Questions Sources 

Optimism 5 Flavián et al. (2022), Hasan & 

Bao (2022), Parasuraman 

(2000) 

Innovativeness 5 Flavián et al. (2022), 

Parasuraman (2000), Park et 

al. (2021) 

Discomfort 5 Flavián et al. (2022), Hasan & 

Bao (2022) Kamble et al. 

(2019), Parasuraman (2000) 

Insecurity 5 Flavián et al. (2022) Kamble 

et al. (2019) Parasuraman, 

(2000), Park et al. (2021) 

Awareness 3 Flavián et al. (2022), Hasan & 

Bao (2022) 

Perceived ease to use 5 Davis (1989), Park et al. 

(2021), Kamble et al. (2019) 

Perceived usefulness 5 Davis (1989), Kamble et al. 

(2019), Park et al. (2021) 
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Intention to adopt 5 Kamble et al. (2019), Park et 

al. (2021) 

Support resources 5 Akgün et al. (2012), Son 

(2010) 

 Source: Researcher 

4.7 Data Collection Process 

Data collection is the act of acquiring data and pertinent information that is important to answering 

the questions posed in a research  (Flick, 2018). Boateng (2016) revealed two data collection 

sources, being primary and secondary data sources. Primary data refers to information that 

researchers get directly from sources (Rabianski S., 2003). Primary data is any information that is 

gathered directly from a source of information rather than through an existing source (Goel, 2022; 

Granger, 2014; Hox & Boeije, 2004). The primary data are usually researcher-generated data, such 

as results from surveys, interviews, and experiments  (Goel, 2022). Rabianski (2003) identified 

the sources of primary data to include personal interviews, observation, focus group discussions 

and questionnaire administration. Secondary data is information that has been obtained from 

sources other than the primary source and has not been directly compiled by the researcher 

(Granger, 2014). Secondary data sources can include published or unpublished works. Secondary 

data sources on the other hand include  archival records, documentation and physical artifacts 

(Boateng, 2016) and other published data from firms, institutions and government agencies.  

This study mainly depended on primary data by collecting data through the design and use of a 

survey instrument. Questionnaires were administered in gathering data using google forms. The 

data was gathered from manufacturing firms. The selected industries were visited, and when access 
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was granted, the audience of the sought and there and then the link to the questionnaire were sent 

through the email of the participants. The gathering of data was done between October to 

November, 2022. 

4.8 Methods of Data Analysis  

After the responses from survey participants have provided, the study's next phase involved 

organizing, summarizing, and analyzing the data that has been collected to draw conclusions. Chu 

& Ke (2017) indicated that data analysis involves searching through the data to extricate irrelevant 

information, modifying and re-modelling the collected data to communicate significant 

information that contributes to answering the research questions. With this knowledge, the 

questionnaire was double-checked to make sure all the responses have been submitted accurately 

and that all the pertinent questions have been answered. Data was then transmitted to the Smart-

PLS software for additional analysis after being coded and structured into integrated constructs 

using the Statistical Package for Social Sciences (SPSS) programme.  

There are many different types of data analysis. Dash and Paul (2021) stated that Structural 

Equation Modeling (SEM) is a statistical framework that models intricate interactions between 

direct and indirect observable variables. It consists of a variety of multiple regression models that 

can show variables as both predictors and outcomes. Other forms of quantitative analysis  as 

specified by Taherdoost (2021) include correlation, multiple regression, analysis of variance 

(ANOVA), and multivariate analysis of variance (MANOVA).  

Prior studies showed that, there are two primary approaches to the Structural Equation Modelling 

(SEM) (Kolog et al., 2018; Owusu et al., 2022; Sarstedt et al., 2016). Covariance Based-SEM (CB-

SEM) is a compelling and flexible data analysis technique where hypothetical constructions are 
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anticipated to cause their indicators as common variables (Dash & Paul, 2021). The CB-SEM uses 

computer software packages like AMOS, LISREL, MPLUS for analyzing data. The Partial Least 

Square SEM (PLS-SEM), is one of the key SEM techniques that enables the estimation of complex 

cause-and-effect relationship models using the latent constructs (Sarstedt et al., 2016). PLS-SEM 

concentrates on the analysis of variance using software packages such as ADANCO and SmartPLS 

(Legate et al., 2021).  

The PLS-SEM approach is employed for this study on the bases that, the PLS-SEM procedures 

help to describe the facts of the study. PLS-SEM enables detection of patterns within the broad 

data and develop explanations as well as testing the hypotheses (Russo & Stol, 2021). Furthermore, 

PLS-SEM can analyze the relationship between dependent and independent constructs utilizing 

effect size and predictive relevance, which are not present in other quantitative analysis (Hair et 

al., 2019). PLS-SEM is a component of the standard set of multivariate analytic techniques (Shiau 

et al., 2019).  

According to Sarstedt et al. (2022), in PLS-SEM, composite variables are created by linearly 

combining the indicators of a measurement model. The composite variables are considered to be 

complete depictions of the constructs and, as a result, are reliable substitutes for the conceptual 

variables under consideration. Edeh et al. (2022) argued that the PLS-SEM method enables the use 

of a very small sample to get results that accurately reflect effects found in huge populations of 

several million elements or individuals. Rigdon (2016) further added that smaller sample sizes can 

certainly yield solutions when using PLS-SEM. However, these instances depend on the 

population's characteristics. Edeh et al. (2022) indicated that with no identification issues, PLS-

SEM can handle both reflective and formative assessment models as well as single-item constructs. 

As a result, it can be used in a range of research settings.  
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When using PLS-SEM, the measurement model is evaluated before any further analysis 

(assessment of the structural model) procedures are carried out (Dash & Paul, 2021). This activity 

facilitates comparison between the established framework and the information obtained from 

respondents. In PLS-SEM, reflecting and formative constructs are measured using different criteria 

(Legate et al., 2021). The study included the assessment of the measurement model followed by 

the assessment of the structural model.  

4.9 Ethical Considerations 

All ethical requirements including confidentiality, informed consent and stating the consequences 

of the study were observed. The consent from respondents were sought and they participated 

voluntarily (see Appendix B). The survey was anonymous with very little personally identifying 

information collected from the participants such as age. Confidentiality was maintained throughout 

the study. This study did not cause any harm to participants. The researcher respected respondents’ 

right to refuse to participate maintaining objectivity during the gathering of data, analyses of data 

and at the stage of reporting.  

4.10 Chapter Summary 

This chapter presented the discussed research methodology employed comprising methodological 

issues such as the research paradigm, research design, research population, sampling technique 

employed, sample size determination, design of the data collection instrument, the mode of data 

collection process, techniques for analyzing data collected and ethical considerations.  
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CHAPTER FIVE 

DATA ANALYSIS AND DISCUSSION OF THE FINDINGS 

5.1 Chapter Overview 

This chapter presents the data analysis and the discussion of the findings. The analysis has been 

structured into sections. The first section analyzes the data on the demographic characteristics of 

the respondents.  The second section includes the measurement model assessment, which evaluates 

the indicators’ consistency reliability, convergent and discriminant validity and accuracy. The 

subsequent section focused on the evaluation of the structural model. The last section covers the 

moderation analyses. 

5.2 Response Rate   

120 manufacturing firms were sampled for the study. Two respondents were selected from each 

firm, thus a total of 240 questionnaires were administered. Out of the 240 questionnaires 

administered, 170 were received, yielding a response rate of 70.8%. 70.8% response rate is 

considered a fair and respectable participation level for large-scale surveys of this nature (Gordon, 

2002). 

5.2.1 The Demographic Characteristics of Respondents 

 

The demographic characteristics of the respondents included gender, age, level of education, type 

of department, number of years working in the firm and the type of industry. A summary of the 

demographic analysis is presented in Table 5.1. 
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Table 5.1 Demographic Characteristics of Respondents 

Demographic Characteristics Frequency (170) Percentage (%) 

Gender Male 

Female 

Total  

126 

44 

170 

74.1 

25.9 

100 

Age 25 – 34 

35 – 44  

45 and above 

Total 

66 

66 

38 

170 

38.8 

38.8 

22.4 

100 

Education Diploma 

HND 

Degree 

Masters 

Total 

12 

24 

70 

64 

170 

7.1 

14.1 

41.2 

37.6 

100 

Department  Operations 

IT 

Procurement 

44 

36 

28 

25.9 

21.1 

16.5 
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Supply chain 

management 

Logistics 

Total 

34 

 

28 

170 

20.0 

 

16.5 

100 

No. of Years Worked 1 – 5 

6 – 10 

More than 10 

Total 

62 

45 

63 

170 

36.5 

26.5 

37.0 

100 

Type of Industry Food and beverage 

Pharmaceutical 

Textiles and Garment 

Chemical and cement 

Aluminium Smelting 

Mining 

Total 

47 

40 

27 

17 

17 

19 

170 

27.6 

23.5 

15.9 

10 

10 

11.2 

100 

 

Table 5.1 summarizes the various demographic characteristics of the respondents. Out of the 170 

responses, 126 (74.1%) were males with the remaining 44 (25.9%) being females. In terms of age, 

the age brackets, 25-34 and 35-44 recorded the same number of responses that is 66 representing 
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38.8% each whereas ages 45 and above recorded 38 responses representing 22.4%. With the level 

of education, those with a degree recorded the majority with 70 responses representing 41.2%, 

followed by those with postgraduate degrees recording 64 (37.6%). Those with an HND and 

Diploma also accounted for 36 responses representing 21.2%.  

With respect to the type of department, the highest department that responded to the questionnaire 

is the operations department with a total of 44 responses representing 25.9%. The IT department 

also recorded 36 (21.1%) responses whilst 28 people responded from both the procurement and 

logistics departments representing 16.5% each. The response from the supply chain department 

was 34 which represented 20% of the total responses.  In respect of the number of years worked, 

the data collected shows that 63 respondents have worked more than 10 years representing 37%. 

For respondents who have worked for 1-5 years, there were 62 responses representing 36.5%. The 

least was 6-10 years which represents 45(26.5%). The manufacturing firms were divided into six 

categories. These categories were Food and beverages, Pharmaceuticals, Textiles and garments, 

Chemicals and cement, and Aluminium smelting and Mining. Most of the respondents to this study 

came from the Food and beverages category representing 27%. The Pharmaceutical industry 

followed with 23.5%.  Textiles and garments were next with 15.9%. The Aluminium smelting 

industry recorded the least response with a percentage of 10%.  

5.3 Awareness of the Concept of Industry 4.0 

From the Figure 5.1, out of the 170 responses gathered, the majority of the respondents 

representing 93.5% responded “yes” to being familiar with the term Industry 4.0.  
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Figure 5.1 Familiarity with the term Industry 4.0 

5.3.1 Dominant Industry 4.0 Technologies 

 

As reflected in the Figure 5.2, out of the 170 responses, 141 respondents associated the most with 

Internet of Things as an Industry 4.0 technology accounting for 82.9% of the total responses. 

Blockchain technology recorded the least response (97) that respondents associate with Industry 

4.0 representing 57.1%. 

 

Figure 5.2 Dominant Industry 4.0 Technologies 
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5.3.2 Descriptive Statistics 

 

The data stack’s mean (average) is calculated by adding up the values of each component and 

dividing the results by the number of data inputs. The position of the dataset or its overall picture 

is measured using the mean (Paliy & Shankar, 2016). Table 5.2 provides the mean scores of the 

extent to which the manufacturing firms in Ghana are aware of Industry 4.0 technologies. Based 

on the Likert scale employed for the study where; 1- highly unaware, 2- unaware, 3- neutral, 4– 

aware and 5- highly aware. The questions were designed so that mean values below 3.5 indicate 

that Ghanaian manufacturing firms are unaware of Industry 4.0 technologies, while mean values 

of 3.5 and above indicate awareness of these technologies among Ghanaian manufacturing firms. 

Table 5.2 displays the mean values for all six types of Industry 4.0 technologies that are greater 

than 3.5. From Table 5.2, the least mean score is 3.59. The outcome from Table 5.2 indicates that 

Ghanaian manufacturing firms are aware of Industry 4.0 technologies.  

Table 5.3 Extent of Awareness of Industry 4.0 Technologies 

Industry 4.0 Technologies  Mean Values 

Internet of Things  4.15882 

Artificial Intelligence  4.082353 

Cloud Computing 3.817647 

Big Data 3.729412 

Addictive Manufacturing  3.605882 

Blockchain  3.594118 

 

Table 5.3 provides the means values of the extent to which the manufacturing firms in Ghana have 

adopted Industry 4.0 technologies in their manufacturing operations. Given the scale used, where 
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1-Not adopted, 2- Adoption process initiated, 3- Don’t know, 4- Partially adopted and 5- Fully 

adopted. The results reveal the mean value 3.95 for Internet of Things suggests that manufacturing 

firms in Ghana have partially adopted Internet of Things. Artificial Intelligence mean value is 3.50 

which also implies that, Ghanaian manufacturing firms have partially adopted this Industry 4.0 

technology (Artificial Intelligence). The mean value 3.41 for Cloud Computing indicated that, the 

adopting state of the technology was not known by the manufacturing firms. Again, Big Data had 

a mean value of 3.18 which also implies that, the adopting state of Big Data is not known by 

manufacturing firms in Ghana. For Addictive Manufacturing, the mean value is 3.08 which also 

indicates that the adopting state of the technology is not known. Lastly, Block chain also with the 

mean value of 2.84 also signifies that, the adopting state of the technology is not known.  

Table 5.4 Extent of Adoption of Industry 4.0 Technologies 

Industry 4.0 Technologies Mean Values 

Internet of things  3.952941 

Artificial Intelligence 3.505882 

Cloud Computing 3.417647 

Big Data 3.188235 

Addictive Manufacturing 3.082353 

Block chain 2.841176 

 

5.4 Model Assessment 

5.4.1 Measurement Model Assessment 
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In PLS-SEM, evaluating the indicator loadings is the first step in evaluating the measurement 

model (Sarstedt et al., 2022). The assessment model’s measurement provides the researcher the 

opportunity to evaluate the data gathered for the study with the adopted theory. The evaluation of 

the measurement model is a prerequisite for the first stage of Structural Equation Modeling (SEM) 

(Sarstedt et al., 2014). Among the criteria used to evaluate the reflective measurement model in 

SEM are indicator reliability, internal consistency reliability, convergent validity, and discriminant 

validity ( Hair et al., 2020).  

5.4.2 Indicator Reliability 

 

Urbach (2010 p. 18) defined the reliability of an indicator as “the degree to which a variable or set 

of variables is consistent with what it intends to measure”. Reflective indicator loadings are 

monitored to ensure the indicator reliability.  Hair et al. (2019) indicated that, indicators that load 

0.70 and above are usually recommended because they offer adequate construct reliability, hence 

they are suggested for acceptance. Once more, variables having a variance of at least 0.70 

constitute more than 50% (0.70) of the variation of the indicator.  Indicators that had an 

insignificant correlation between their associated variables and the indicators themselves were 

eliminated (Roemer et al., 2021). As a result, following the first run of the analysis on SmartPLS, 

indicators that were below the minimum level of 0.70 were eliminated. The indicator, SUP1 was 

eliminated since its loading of 0.58 was below the acceptable threshold of 0.70.  All other 

indicators exceeded the minimum requirement of 0.70, showing that they accurately measure the 

variables assigned.
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Figure 5.3 Results of PLS Analysis 
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5.4.3 Construct Reliability and Consistency 

 

Cronbach’s alpha is a widely used metric for assessing internal consistency and reliability based 

on the cross-correlation of observable variables. After assessing the indicators' accuracy, the next 

step includes assessing Cronbach's alpha's internal reliability (Cronbach, 1951). Taber (2018) 

postulated that, values below the minimum criterion of 0.70 do not indicate a favorable outcome 

from the model because the Cronbach's alpha values shouldn't be lower than 0.70. Since the 

average values of the elements are not recovered, previous research has critiqued the low reliability 

accuracy and values of Cronbach's alpha ( Hair et al., 2019). As a result, composite reliability was 

proposed as a substitute for evaluating indicator reliability ( Hair et al., 2019; Kumar et al., 2018). 

Cronbach's alpha, for instance, makes the assumption that all indicators have the same loading. 

The composite reliability, however, is the opposite, as all indicators must have varied loads in 

order to provide the most accurate measure of reliability (Sarstedt et al., 2022). In terms of 

composite reliability, items with greater values correspond to higher levels of dependability, and 

vice versa. In research, 0.60 and 0.70 are deemed as the reliability levels and are acceptable values. 

Values between 0.70 and 0.90 are deemed good indications, and values surpassing 0.95 as 

problematic since values above 0.95 are more than necessary and hence lead the model's reliability 

to decline (Malhi et al., 2022). With this study, the composite reliability values range from 0.90 to 

0.948. which indicates a normal and good level of confidence of the data. 

In addition to the composite reliability, the Rho_A is suggested as a good substitute for measuring 

reliability accuracy in the SEM-PLS model (Mehmood & Saeed, 2021). Variables with values of 
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0.70 and higher are proposed for inclusion and acceptance in the Rho_A. The summary of the 

analysis is presented in Table 5.4. 

 

Table 5.5 Construct Reliability and Validity 

Variables 

 

Cronbach’s 

Alpha 

Composite 

Reliability 

(rho_a) 

Composite 

Reliability 

(rho_c) 

Average 

Variance 

Extracted (AVE) 

Awareness  0.924 0.927 0.942 0.766 

Discomfort 0.929 0.936 0.946 0.778 

Innovativeness 0.888 0.894 0.918 0.691 

Insecurity 0.935 0.901 0.921 0.794 

Intention to Adopt 0.92 0.925 0.94 0.757 

Optimism 0.909 0.913 0.93 0.689 

Perceived ease to adopt 0.94 0.943 0.935 0.808 

Perceived Usefulness to adopt 0.947 0.948 0.90 0.826 

Support Resource 0.926 0.928 0.948 0.819 

 

5.4.4 Convergent Validity 

 

Validity testing comes after the constructs have been established to be very reliable. Convergent 

validity and discriminant validity are the two types of validity used to assess how much variance 

is shared between items and their constructs. Convergent Validity is defined “as the extent to which 

a measure correlates positively with alternative measures of the same constructs” (Hair et al., 2017 

p.137). Convergent validity enables the researcher to demonstrate that the items were capable of 
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measuring the variance in their latent variables. The average variance extracted (AVE) is used to 

establish convergent validity. The AVE can be determined by averaging the 

measured construct's reliabilities. Hence, a measurement of 0.500 or higher is therefore considered 

acceptable (Hair et al., 2017). As demonstrated in Table 5.4, the AVE values were above the 

acceptable threshold that is 0.500 with values of 0.689 being the lowest and 0.826 being the 

highest. This indicates that at least 50% of the variability in the latent construct's indicators can be 

explained. The second type of validity, discriminant validity, is described next. 

5.4.5 Discriminant Validity 

 

The next step is to validate the discriminant validity after establishing the convergent validity. 

Discriminant Validity “is defined as the extent to which a construct is truly distinct from other 

constructs by empirical standards” (Hair et al. 2017 p. 138). Henseler et al., (2015) indicated that, 

for examining the relationships between latent variables in a structural model, the discriminant 

validity method has come to be accepted. Discriminant validity is to show how constructs are 

statistically distinct from one another (Hair et al., 2019). Cross loadings, the Fornell-Larcker 

criterion, and the heterotrait-monotrait correlation ratio (HTMT) are the three methods that are 

usually used to establish discriminant validity. Sarstedt et al. (2019) has revealed that cross 

loadings are the component scores of each latent construct compared to the scores of all other items 

to determine cross loadings. The constructs are considered to be distinct from one another if each 

item loads better or higher in its own items than it does for any other item and its associated latent 

construct, hence establishing discriminant validity. The values for the cross loadings are presented 

in Table 5.5.  
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Table 5.6 Indicator items Cross-loadings for assessing Discriminant Validity 

 

 AWA DIS INN INS INT OPT PER PU SUP SUP x 

PER 

SUP 

x PU 

AWA 1 0.867 -

0.181 

0.201 -

0.161 

0.654 0.35 0.502 0.571 0.406 -0.032 -

0.177 

AWA 2 0.863 -

0.178 

0.335 -

0.184 

0.607 0.423 0.565 0.542 0.479 -0.118 -0.15 

AWA 3 0.88 -

0.143 

0.188 -

0.144 

0.617 0.442 0.497 0.616 0.498 -0.114 -

0.289 

AWA 4 0.902 -

0.171 

0.134 -

0.179 

0.602 0.361 0.551 0.583 0.405 -0.047 -0.14 

AWA 5 0.864 -

0.063 

0.195 -

0.076 

0.734 0.585 0.616 0.685 0.499 -0.22 -0.43 

DIS 1 -

0.155 

0.873 -

0.159 

0.733 -

0.229 

-

0.191 

-

0.301 

-

0.208 

-

0.239 

0.206 0.061 

DIS 2 -0.05 0.866 -

0.081 

0.722 -0.23 -

0.142 

-0.21 -

0.209 

-

0.228 

0.107 0.039 

DIS 3 -

0.153 

0.914 -

0.142 

0.823 -

0.283 

-

0.261 

-

0.297 

-

0.269 

-

0.324 

0.2 0.009 

DIS 4 -

0.201 

0.875 0.055 0.758 -

0.212 

-0.15 -

0.289 

-

0.219 

-

0.256 

0.108 0.008 
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DIS 5 -

0.149 

0.883 -

0.011 

0.769 -

0.275 

-

0.208 

-

0.309 

-0.27 -

0.297 

0.166 0.034 

INN 1 0.191 -

0.113 

0.797 -0.1 0.253 0.287 0.466 0.188 0.26 -0.192 -

0.037 

INN 2 0.335 -

0.178 

0.868 -

0.188 

0.367 0.359 0.476 0.306 0.328 -0.236 -

0.069 

INN 3 0.161 0.052 0.816 0 0.271 0.406 0.372 0.187 0.275 -0.304 -0.21 

INN 4 0.108 0.091 0.804 0.123 0.217 0.341 0.461 0.142 0.33 -0.226 -

0.102 

INN 5 0.176 -

0.124 

0.868 -

0.095 

0.294 0.397 0.475 0.23 0.354 -0.254 -

0.154 

INS 1 -

0.142 

0.781 -

0.041 

0.874 -

0.211 

-

0.237 

-

0.115 

-0.24 -

0.223 

0.104 -

0.019 

INS 2 -

0.184 

0.81 0.03 0.922 -

0.211 

-

0.226 

-

0.183 

-

0.255 

-

0.276 

0.194 0.038 

INS 3 -

0.178 

0.755 -

0.068 

0.926 -

0.248 

-0.3 -

0.139 

-

0.296 

-0.24 0.284 0.16 

INS 4 -

0.146 

0.777 -0.14 0.895 -

0.249 

-

0.293 

-

0.218 

-

0.286 

-

0.322 

0.308 0.14 

INS 5 -

0.076 

0.737 -

0.092 

0.837 -

0.211 

-

0.235 

-

0.157 

-0.17 -

0.225 

0.232 0.097 

INT 1 0.68 -

0.312 

0.312 -

0.299 

0.89 0.605 0.615 0.753 0.581 -0.295 -

0.387 
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INT 2 0.696 -

0.186 

0.289 -

0.194 

0.892 0.562 0.555 0.811 0.584 -0.264 -

0.398 

INT 3 0.629 -

0.205 

0.339 -

0.166 

0.883 0.537 0.558 0.708 0.477 -0.305 -

0.396 

INT 4 0.595 -

0.246 

0.234 -

0.239 

0.845 0.54 0.451 0.698 0.49 -0.227 -

0.428 

INT 5 0.598 -

0.281 

0.309 -0.21 0.84 0.514 0.526 0.607 0.499 -0.227 -0.35 

OPT 1 0.482 -0.22 0.436 -

0.276 

0.558 0.856 0.517 0.495 0.494 -0.361 -

0.406 

OPT 2 0.394 -

0.245 

0.427 -

0.312 

0.56 0.877 0.477 0.493 0.474 -0.45 -

0.428 

OPT 3 0.45 -0.1 0.344 -

0.205 

0.555 0.87 0.336 0.562 0.462 -0.253 -0.47 

OPT 4 0.429 -

0.158 

0.342 -

0.189 

0.488 0.805 0.548 0.507 0.475 -0.388 -0.41 

OPT 5 0.427 -

0.186 

0.357 -

0.206 

0.524 0.8 0.461 0.442 0.386 -0.318 -

0.487 

OPT 6 0.289 -

0.183 

0.202 -

0.273 

0.474 0.765 0.323 0.477 0.479 -0.407 -

0.506 

PER 1 0.536 -

0.229 

0.54 -

0.098 

0.541 0.481 0.911 0.384 0.512 -0.324 -

0.202 
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PER 2 0.553 -

0.315 

0.493 -

0.196 

0.557 0.516 0.93 0.448 0.573 -0.309 -

0.177 

PER 3 0.661 -

0.301 

0.49 -

0.194 

0.632 0.514 0.861 0.606 0.562 -0.457 -0.36 

PER 4 0.565 -0.29 0.505 -

0.143 

0.553 0.468 0.923 0.488 0.54 -0.312 -0.22 

PER 5 0.483 -

0.316 

0.411 -

0.202 

0.508 0.448 0.867 0.48 0.566 -0.349 -

0.187 

PU 1 0.666 -

0.218 

0.239 -

0.239 

0.749 0.502 0.453 0.902 0.498 -0.141 -

0.377 

PU 2 0.6 -

0.277 

0.221 -0.29 0.718 0.573 0.507 0.905 0.497 -0.237 -

0.483 

PU 3 0.615 -

0.203 

0.22 -

0.228 

0.752 0.498 0.437 0.892 0.503 -0.212 -

0.449 

PU 4 0.603 -

0.293 

0.259 -

0.274 

0.753 0.55 0.534 0.934 0.548 -0.223 -

0.464 

PU 5 0.642 -

0.233 

0.231 -

0.266 

0.784 0.592 0.513 0.912 0.515 -0.258 -

0.519 

SUP 2 0.547 -

0.303 

0.277 -

0.277 

0.585 0.474 0.489 0.548 0.88 -0.319 -

0.328 

SUP 3 0.476 -

0.212 

0.358 -

0.192 

0.546 0.528 0.548 0.5 0.936 -0.396 -

0.359 
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SUP 4 0.442 -

0.213 

0.333 -

0.222 

0.499 0.495 0.561 0.495 0.918 -0.382 -

0.359 

SUP 5 0.425 -

0.376 

0.386 -

0.362 

0.558 0.519 0.621 0.491 0.885 -0.495 -0.36 

SUP x 

PER 

-

0.126 

0.182 -

0.288 

0.258 -

0.304 

-

0.438 

-

0.392 

-

0.236 

-0.44 1 0.552 

SUP x 

PU 

-

0.279 

0.034 -

0.133 

0.098 -0.45 -

0.539 

-

0.259 

-

0.505 

-

0.388 

0.552 1 

 

On Table 5.5 the constructs are represented by the following abbreviations AWA- Awareness, DIS- 

discomfort, INN- innovativeness, INS- insecurity, INT-intention to adopt, OPT- optimism, PER-

perceived ease to adopt, PU- perceived usefulness to adopt, SUP-support resource, SUP x PER-

support resource and perceived ease to adopt and SUP x PU- support resource and perceived 

usefulness to adopt. 

5.4.6 The Fornell-Larcker Criterion 

 

The second method for evaluating discriminant validity is the Fornell-Larcker criterion. It analyzes 

the correlations between the latent variable and the square root of the AVE values (Hair et al., 

2017). Particularly, the square root of each construct's AVE should be more than the construct's 

highest correlation (Shiau et al., 2019). The Fornell-Larcker method is predicated on the notion 

that a construct exhibits greater variance with its linked indicators than with any other construct 

(Sarstedt et al., 2022). As presented in Table 5.6, the AVE values are 0.875, 0.882, 0.831, 0.891, 

0.87, 0.83, 0.899, 0.909 and 0.905 respectively. The AVE are higher than their respective 
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correlations with the other variables in the model. This indicates that the model has proven 

discriminant validity. 

 

Table 5.7 The Fornell-Larcker Criterion 

VARIABLES AWA DIS INN INS INT OPT PER PU SUP 

AWA 0.875         

DIS -0.165 0.882        

INN 0.239 -0.076 0.831       

INS -0.167 0.865 -0.071 0.891      

INT 0.738 -0.281 0.34 -0.255 0.87     

OPT 0.5 -0.22 0.428 -0.293 0.635 0.83    

PER 0.627 -0.323 0.545 -0.185 0.624 0.542 0.899   

PU 0.689 -0.269 0.258 -0.285 0.827 0.598 0.538 0.909  

SUP 0.525 -0.308 0.374 -0.293 0.607 0.557 0.613 0.564 0.905 

 

5.4.7 Heterotrait-Monotrait Ratio (HTMT) 

 

Cross-loadings and the Fornell-Larcker criterion have both been used to test discriminant validity, 

however recent studies indicate that neither the Cross-loadings nor the Fornell-Larcker criterion 

consistently identifies problems with discriminant validity (Henseler et al., 2015). Particularly, 

cross-loadings do not demonstrate a lack of discriminant validity when two variables are 

completely correlated, making this criterion ineffective for empirical study (Hair et al., 2017). 

According to Henseler et al. (2015), the Fornell-Larcker criterion has a deficiency, particularly 

when the indicator loadings of the structures under examination only slightly differ. The Fornell-
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Larcker criterion performs better at detecting discriminant validity errors when indicator loadings 

differ more widely, but overall performance is still relatively weak (Roemer et al., 2021).  

Henseler et al. (2015) proposed measuring the relationships' heterotrait-monotrait ratio (HTMT) 

as a remedy. The between-trait correlation to within-trait correlation ratio is known as HTMT. 

HTMT “is the mean of all correlations of indicators across constructs measuring different 

constructs (i.e., the heterotrait-heteromethod correlations) relative to the (geometric) mean of the 

average correlations of indicators measuring the same construct (i.e., the monotrait-heteromethod 

correlations; for a formal definition of the HTMT statistic)” (Hair et al., 2017 p. 140).  

Technically, the HTMT technique is an estimation of the true correlation between two constructs, 

if it were possible to measure them precisely (i.e., if they were perfectly reliable) (Roemer et al., 

2021). Henseler et al. (2015) proposed a threshold value of 0.90 if the path model contains 

constructs that are conceptually extremely comparable. In other words, a value of the HTMT 

greater than 0.90 denotes a lack of discriminant validity (Hair et al., 2017). A lower and therefore 

more conservative threshold value of 0.85 seems justified when the path model's constructs are 

conceptually more different (Roemer et al., 2021). From the values of Table 5.7, it can be said that 

a discriminant validity is established since the HTMT values falls under the threshold of 0.90 

according to (Henseler et al., 2015).  

Table 5.8 Heterotrait-Monotrait Ratio (HTMT) 

VARIABLES  AWA DIS INN INS INT OPT PER PU SUP SUP 

PER 

SUP 

PU 

AWA            

DIS 0.177           
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INN 0.259 0.159          

INS 0.178 0.897 0.151          

INT 0.793 0.303 0.373 0.273        

OPT 0.535 0.235 0.473 0.315 0.693       

PER 0.665 0.341 0.591 0.194 0.665 0.577      

PU 0.732 0.284 0.276 0.297 0.88 0.644 0.567     

SUP 0.562 0.325 0.411 0.308 0.652 0.606 0.657 0.6    

SUP PER 0.126 0.185 0.309 0.26 0.316 0.459 0.402 0.242 0.457   

SUP PU 0.282 0.036 0.146 0.105 0.469 0.571 0.263 0.518 0.404 0.552  

 

5.5 Structural Model Assessment 

Urbach (2010 p.10) indicated that, “the statistical evaluation criterion for reflective measurement 

scales cannot be transferred directly to structural measurement models, where indicators are likely 

to represent the independent causes of the construct and thus do not necessarily correlate strongly”. 

Studies Legate et al. (2021) and Sarstedt et al. (2014) reveal that many researchers inaccurately 

assess the structural measurement quality in PLS-SEM data analysis by using the reflective 

measurement model (Sarstedt et al., 2014). Prior research has shown that structural indicators, 

unlike reflective measurement, are error-free, and as a result, the internal consistency reliability 

notion is incorrect (H. Lin et al., 2020).  Sarstedt et al., (2019) proposed five key procedures to 

evaluate the structural measurement model.  
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5.5.1 Assessing Multicollinearity Statistics 

 

Collinearity is the strong correlation between two formative indicators (Hair et al., 2020). 

Multicollinearity is the correlation among more than two indicators (Sarstedt et al., 2019). The 

most significant type of collinearity is when two (or more) formative indicators with the exact 

same data are included in the same block of indicators (i.e., they are perfectly correlated) (Hair et 

al., 2017). The variance inflation factor (VIF) is used to evaluate the Multicollinearity of each 

independent construct (Sarstedt et al., 2019). Collinearity between a group of predictor constructs 

is shown by VIF values lower than 5.0. (Sarstedt et al., 2022).  The VIF values generated from the 

PLS-SEM analysis are less than 5.0, which is the standard threshold. This suggests that the 

variables that are independent of the construct being observed are combined in a seamless linear 

manner.  Table 5.8 displays a VIF of less than 5.0 for each number. 

Table 5.8: Multicollinearity Statistics (Inner VIF) 

Constructs  AWA DIS INN INS INT OPT PER PU 

AWA       1.345 1.345 

DIS       4.033 4.033 

INN       1.236 1.236 

INS       4.197 4.197 

INT         

OPT       1.668 1.668 

PER     1.909    

PU     2.077    

SUP     1.983    
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SUP PER     1.791    

SUP PU     1.929    

 

5.5.2 Assessing structural Model Path Coefficients 

 

The term "path coefficients" refers to the hypothesized relationships between constructs in the 

analysis of the PLS-SEM algorithm. The path coefficients' standardized values typically lie 

between a value of -1 and +1. High positive correlations exist between the constructs' estimated 

path coefficient values, which are close to 1, and the reverse is typically statistically significant 

but less strongly correlated. However, a coefficient's significance is determined by the standard 

errors that were generated through bootstrapping the model. It is recommended that the coefficient 

has a significant level of reduced errors in the model if the t-values following the bootstrap are 

more than the critical value (Hair et al., 2017). Choosing the p-values, several researchers 

recommend using a significance level of 0.05. Therefore, the 5% (0.05) significance threshold was 

applied in this study.
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Figure 5.4 Direct Effect of Hypothesis (Bootstrapping) 
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Path Coefficients and Hypotheses 

Regarding the correlation or structural path between the constructs, assessment of the path 

coefficients' strength and significance is conducted. The significance of the path coefficient was 

evaluated and examined using the Bootstrapping method in the Smart-PLS software (Sundram et 

al., 2016). Bootstrapping is a non-parametric resampling technique which is used to evaluate the 

statistical variability  (Sarstedt et al., 2019). The bootstrapping is used to assess the accuracy of 

the estimates; it examines the variability in the sample data. A path coefficient is considered 

significant at the 5% probability of error level. We can therefore infer that the path coefficient is 

substantially different from zero at a significance level of 5% (= 0.05; two-tailed test) when the 

size of the resulting empirical t statistic is above 1.96 (Sarstedt et al., 2019). Most often, researchers 

decide on a significance level of 5%, which means that the relationship  under study must have a 

p value that is less than 0.05 (Hair et al., 2017). Based on the assumption, H2b, H3b, H4b, H8a 

and H8b are not supported since the p- values are higher than the threshold of 5%.  H1a, H1b, H2a, 

H3a, H4a, H5a, H5b, H6 and H7 with p-values less than or equal to 0.05 were supported. 

Table 5.9: Path Coefficients and Hypotheses 

Hypothesis Relationship Decision Original Mean t-statistic P-Value 

H1a OPT -> PER SUPPORTED 0.187 2.359 0.018 

H1b OPT -> PU SUPPORTED 0.318 2.831 0.005 

H2a INN -> PER SUPPORTED 0.35 4.952 0.000 

H2b INN -> PU NOT SUPPORTED -0.01 0.177 0.859 

H3a DIS -> PER SUPPORTED -0.614 4.945 0.000 

H3b DIS -> PU NOT SUPPORTED -0.09 0.566 0.571 
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H4a INN -> PER SUPPORTED 0.498 3.824 0.000 

H4b INS -> PU         NOT SUPPORTED -0.01 0.177 0.859 

H5a AWA -> PER SUPPORTED 0.432 5.944 0.000 

H5b AWA -> PU SUPPORTED 0.512 7.6 0.000 

H6 PER -> INT SUPPORTED 0.201 3.583 0.000 

H7 PU -> INT SUPPORTED 0.643 8.425 0.000 

H8a SUP x PER -> INT NOT SUPPORTED -0.009 0.158 0.874 

H8b SUP x PU -> INT NOT SUPPORTED -0.019 0.305 0.761 

 

5.5.3 Coefficient of Determination (R2 Value) 

 

The most typical measuring criterion for assessing a structural model's fitness is its R2 value (  Hair 

et al., 2020). The variance between the endogenous and exogenous constructs in the model is 

represented by the coefficient. Rigdon (2016) revealed that the endogenous latent variables and 

the exogenous latent variables in the model are both impacted by the R2 value. R2 is utilized as a 

measurement criterion for predictive power for model estimation since it is the squared correlation 

values of actual and estimated (Sarstedt et al., 2016). The R2 values are in the range of 0 to 1. 

Predictive accuracy increases with increasing value, and vice versa. It is challenging to offer 

standardized acceptable guidelines for R2 because of the intricacy of some models and the variety 

of study disciplines. However, studies have characterized R2 values of 0.75, 0.50, and 0.25 for 

endogenous variables as substantial, moderate, and weak, respectively, and advised researchers to 

take 0.75 values or above into consideration (Henseler et al., 2015; Sarstedt et al., 2022). The 

exogenous variables Optimism, Innovativeness, Discomfort, Insecurity and Awareness explains 

66.8% of the variance of the endogenous variable Perceived Ease to adopt. Similarly, exogenous 
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variables Optimism, Innovativeness, Discomfort, Insecurity and Awareness explains 57.3% of the 

variance of the endogenous variable Perceived Usefulness to adopt.  

 

Table 5.10: Coefficient of Determination (R-square) 

Constructs R- square R-square adjusted 

INTENTION TO ADOPT 0.737                0.729 

PERCEIVED EASE TO ADOPT 0.668   0.658 

PERCEIVED USEFULNESS TO ADOPT 0.573  0.560 

 

5.5.4 Determining the Effects Size (f Square Value) 

 

The f2 effect size is used to determine or measure the influence of the change in R2 when a specific 

construct of exogenous variables in the model is being ignored. It was suggested that f2 values 

below 0.020 have no impact, those between 0.150 and 0.350 have a medium impact, and those 

over 0.350 have a significant impact on the model (Cohen, 1988). Cohen (1988) further indicated 

that f2 values below 0.020 imply a weak impact on the model's modifications. From Table 5.11, it 

can be said that, awareness has a significant effect on perceived ease to adopt and perceived 

usefulness to adopt. Discomfort has a medium effect on perceived ease to adopt and has no effect 

on perceive usefulness to adopt. Innovativeness has medium effect on perceived ease to adopt and 

has no effect on perceived usefulness to adopt. Insecurity has a medium effect on perceived ease 

to adopt and has no effect on perceived usefulness to adopt. Optimism has weak effect on perceived 

ease to adopt and on perceived usefulness to adopt. Perceived ease to adopt has no effect on 

intention to adopt. Perceive usefulness to adopt has a significant effect on intention to adopt. 
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Support resources has a weak effect on intention to adopt. Support resource did not have a 

moderating effect on perceived ease to adopt. Support resource did not have a moderating effect 

on perceived usefulness to adopt Industry 4.0 technologies. Support resources did not moderate 

perceived ease and perceived usefulness on intention to adopt Industry 4.0 technologies. 

Table 5.11: Assessing effect size using f-square values 

Constructs AWA DIS INN INS INT OPT PER PU 

AWA       0.418 0.457 

DIS       0.282 0.005 

INN       0.299 0.000 

INS       0.178 0.001 

INT         

OPT       0.063 0.141 

PER     0.080    

PU     0.758    

SUP     0.022    

SUP x 

PER 

    0.000    

SUP x PU     0.001    

 

5.5.5 Assessing the Predictive Relevance (q-square value) 

 

The model's ability to accurately forecast the endogenous latent variables depends on its predictive 

significance (Hair Jr et al., 2014). The application of Stone-Q2 Geisser's value was proposed to be 
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examined as part of determining the size of the R2 values to forecast accuracy (Geisser, 1974). The 

predictive relevance of the path model for a given dependent construct is indicated in the structural 

model by Q2 values greater than zero for a particular reflective endogenous latent variable. In other 

words, the Q2 measures how well the model predicts the future. Per the values of the Q-predict 

illustrated on the Table 5.12, there is a predictive relevance in the model. This is because the Q-

predict values are above the threshold of 0 (zero). If Q2 is less than 0, the model is regarded weak 

and has no predictive value, and all of the independent variables are insufficient to explain the 

dependent variable (s). All of the Q2 values in table 5.12 were over the threshold of 0.350, 

indicating that the model had a high level of predictive relevance. 

Table 5.12 Q-Square 

Constructs Q predict RMSE MAE 

Intention to adopt 0.629 0.622 0.475 

Perceived ease to adopt 0.630 0.618 0.472 

Perceived Usefulness to adopt 0.518 0.707 0.537 

 

5.5.6 Moderating Variable 

 

This section of the study focused on analyzing the role of the moderator (support resource) on the 

relationship between the variable of perceived ease of adoption and perceived usefulness to 

intention to adopt. The study assessed the moderating role of support resource on the relationship 

between Perceived ease to adopt, perceived usefulness to adopt and Intention to adopt. It was 

hypothesized that support resources moderate the relationship between perceived ease to adopt 

Industry 4.0 technologies and the intention to adopt Industry 4.0 technologies. Again, support 

resources were hypothesized to moderate the relationship between perceived usefulness to adopt 
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Industry 4.0 and the intention to adopt Industry 4.0 technologies. However, from Table 5.13 the 

p-values 0.874 and 0.761 indicates that support resource does not moderate the relationship 

between perceived ease to adopt Industry 4.0 technologies and Intention to adopt, neither does it 

moderate the relationship between perceived usefulness to adopt Industry 4.0 technologies and 

Intention to adopt Industry 4.0 technologies.  

Table 5.13 Moderation Analysis 

Hypothesis Relationship Decision Original 

Mean 

t-

statistic 

P-Value 

H8a SUP x PER -> INT NOT SUPPORTED -0.009 0.158 0.874 

H8b SUP x PU -> INT NOT SUPPORTED -0.019 0.305 0.761 

 

5.6 Discussion of Results 

There are two parts to the following section; the first part discusses the awareness of the dominant 

Industry 4.0 technologies among the Ghanaian manufacturing firms. The second part discusses the 

effects of Industry 4.0 awareness and technology readiness and acceptance factors on the adoption 

of Industry 4.0 technologies by manufacturing firms.  

5.6.1 Awareness of Dominant Industry 4.0 Technologies 

 

The need to determine the awareness of the dominant Industry 4.0 technologies is in response to 

request in the literature for research that aims to address the question “What are the dominant 

Industry 4.0 technologies that manufacturing firms in Ghana are aware of?” In literature dominant 

Industry 4.0technologies includes; Internet  of things, Blockchain, Big Data, Cloud computing, 

Additive Manufacturing and Artificial Intelligence (Baygin et al., 2016; Oztemel & Gursev, 2020; 
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Vinitha et al., 2020). The results of the study demonstrate that Ghanaian manufacturing firms are 

aware about Industry 4.0 technologies. Fig 5.1 demonstrates an awareness level of 93.5% of the 

Industry 4.0 technologies among a total of 170 respondents. Again, Figure 5.2 also demonstrates 

the level of awareness for the dominant Industry 4.0 technologies among the Ghanaian 

manufacturing firms. The outcome indicates that, out of the 170 responses, 141 respondents 

associated the most with Internet of Things as an Industry 4.0 technology accounting for 82.9% of 

the total responses. Blockchain technology recorded the least response (97) that respondents 

associate with Industry 4.0 representing 57.1%. 

The results showed that respondents were aware of the dominant technologies of Industry 4.0, 

based on the comparison of the mean value of replies for each of the six dominant technologies 

with the firms' level of awareness.  From the study it was discovered that, the mean values of the 

responses for the awareness of the dominant Industry 4.0 technologies were scored on the scale of 

1-5 as displayed on Table 5.2.  The findings reflected a general awareness of the Industry 4.0 

technologies from the respondents. The Internet of Things had the highest score of 4.15 indicating 

that it has the highest level of awareness. Artificial Intelligence also had a score of 4.08 which 

implies that the awareness of the technology. The awareness score for Cloud Computing showed 

a 3.81 level of awareness. The response showed a mean score of 3.72 for the awareness level for 

Big Data. Additive Manufacturing had a mean score of 3.60 which also implies that there is 

awareness of such technology. The Block Chain had a score of 3.59 which also indicated an 

awareness. In accordance with this results, it is evident that the manufacturing firms in Ghana are 

aware of the dominant Industry 4.0 technologies. 

The extent to which a firm has adopted the dominant Industry 4.0 technologies was another finding 

from the study. Table 5.3 presented the mean results of the extent of adoption of Industry 4.0 
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technologies among the manufacturing firms in Ghana. The scale for assessment were represented 

as 1-Not adopted, 2- Adoption process initiated, 3- Don’t know, 4- Partially adopted and 5- Fully 

adopted. Based on the scale given, it can be evident that the Internet of Things and Artificial 

Intelligence are the technologies that are partially adopted by the manufacturing firms in Ghana 

with the mean values of 3.95 and 3.50. On the other hand, based on the scale of assessment, it can 

be said that the other technologies that is Cloud Computing, Big Data, Additive Manufacturing 

and Block Chain their state of adoption appear not to have been adopted by the respondents. This 

is evident that, extent of adoption of Industry 4.0 technologies are on a minimal.  

5.6.2 Awareness, and Technology Readiness and Acceptance Factors 

 

The study was embarked with the purpose of examining the awareness of Industry 4.0 technologies 

among manufacturing firms in Ghana and to ascertain their readiness for accepting and embracing 

such technologies examined the extent of readiness and acceptance of Industry 4.0 technologies. 

To accomplish this purpose, the Technology Readiness and Acceptance Model (TRAM) was used 

to test the validity of the readiness and acceptance of industry 4.0 technologies among 

manufacturing firms in Ghana. Nine (9) of the fourteen (14) hypotheses were fully supported, 

whereas five (5) others were not. The thresholds of the t-statistic are used as the basis for 

discussion.  The t-statistic results on Table 5.9 is used as the basis. The empirical t-statistic for 

significance is a value greater than 1.96 (Sarstedt et al., 2014).  

5.6.3 Optimism 

Optimism is the positive attitude people have about technology, including how in control they feel, 

how flexible, convenient, and how effective the technology is (Parasuraman, 2000). The proposed 

hypotheses for Optimism are H1a: “Optimism about Industry 4.0 technologies positively 
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influences manufacturing firms perceived ease to adopt Industry 4.0”. H1b: “Optimism about 

Industry 4.0 technologies positively influences manufacturing firms perceived usefulness to adopt 

Industry 4.0 technologies”. H1a was supported with a t-statistic of 2.35. This implies that there is 

a significant correlation between optimism and perceived ease of adopting Industry 4.0 

technologies. With the results from the t-statistic it can be said that optimism has a positive 

influence on manufacturing firms adopting Industry 4.0 technology. Previous studies have shown 

that optimism has a significant impact on the readiness to adopt a new technology (Hasan & Bao, 

2022; Parasuraman, 2000; Raman & Aashish, 2021). Further, H1b was also supported with a t-

value of 2.83 which indicates a significant influence of optimism on perceived usefulness to adopt 

Industry 4.0 technologies. The results indicate that, optimism has a positive influence on the 

perceived usefulness for manufacturing firms to adopt Industry 4.0 technologies. The current 

findings of the study support the existing literature evidence that optimism influences a firm’s 

readiness to adopt a technology ( Parasuraman, 2000). Optimism is a key factor in a firm's 

readiness and acceptance decision to adopt Industry 4.0 technology. 

5.6.4 Innovativeness 

 

Innovativeness is referred to “as a propensity of being a technology pioneer and influencer”  

Parasuraman 2000 p.311). The following hypotheses were tested in relation to innovativeness and 

adoption of Industry 4.0 technologies. H2a was proposed that, “innovativeness of manufacturing 

firms positively influences their perceived ease to adopt Industry 4.0 technologies”. H2b also 

proposed that, “innovativeness of manufacturing firms positively influences their perceived 

usefulness to adopt Industry 4.0 technologies”. H2a was supported. In testing H2a, the statistical 

results from the study confirmed that innovativeness positively influences manufacturing firms’ 

perceived ease to adopt Industry 4.0 technologies. The statistical results displayed on Table 5.9 
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showed a t-value of 4.95 for H2a. This finding confirms existing literature knowledge that, 

innovativeness have positive influence on adopting a new technology (Omotayo & Adekunle, 

2021; Pai & Alathur, 2019). No statistically significant relationship was established between 

innovativeness and perceived usefulness to adopt Industry 4.0 (t-value = 0.177) hence, hypothesis 

H2b was not supported. The finding may be so because, manufacturing firms may frequently find 

it difficult to discover the information pertaining to the benefits of adopting Industry 4.0 

technology. This may be as a result of the lack of professional training and knowledge in the use 

of advanced technology in manufacturing. This result contradicts a study by Lin et al. (2007) that 

found that innovativeness positively influences perceived usefulness to adopt a new technology.  

5.6.5 Discomfort 

 

Discomfort is defined as “a perceived lack of control over technology and a feeling of being 

overwhelmed by it”( Parasuraman & Colby, 2001 p. 44). Two hypotheses were proposed, H3a and 

H3b. H3a states that “the discomfort of manufacturing firms about Industry 4.0 technologies 

negatively influences their perceived ease to adopt the technologies”. H3b on the other hand states 

that, “the discomfort of manufacturing firms about Industry 4.0 technologies negatively influences 

perceived usefulness of adopting the technologies”. The t-value for H3a was 4.94 signifying that 

the hypothesis is supported. This suggests that discomfort of manufacturing firms negatively 

influence the perceived ease to adopt Industry 4.0. The finding is in line with prior studies which 

also established that, the ease of adoption of a new technology is negatively impacted by the 

uncertainties of doing so (Chen & Lin, 2018). This implies that firms will not be ready and willing 

to adopt Industry 4.0 technologies if they perceive its features are not easy to use, and the 

technology is not clear and easy to understand.  H3b was not supported (t-value = 0.56), which is 

below the threshold point.  This results contradict a previous study’s finding which stipulated that 
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discomfort of a new technologies negatively influences perceived usefulness to adopt them ( 

Parasuraman, 2000).  

5.6.6 Insecurity  

 

Insecurity is defined as “a distrust of technology and skepticism about its ability to work properly” 

(Parasuraman & Colby, 2001 p. 44). H4a proposes that, “manufacturing firms’ feeling of 

Insecurity about Industry 4.0 technologies negatively influences their perceived ease to adopt these 

technologies”. H4b on the other hand states; “manufacturing firms’ feeling of Insecurity about 

Industry 4.0 technologies negatively influences their perceived usefulness to adopt these 

technologies. There is a statistically significant correlation between insecurity and perceived ease 

to adopt Industry 4.0 technologies. The t-value for H4a is 3.82 which implies that the proposed 

hypothesis is supported. It shows that manufacturing firms’ feeling of Insecurity about Industry 

4.0 technologies negatively influences their perceived ease to adopt Industry 4.0 technologies. The 

finding affirms the study by Omar et al. (2021) who established that when one's level of insecurity 

is high, there is a minimal chance that one will trust, feel safe, and overlook the risks, consequently 

causing one not to adopt and use a new technology. Another finding by Ali et al. (2021) also 

indicated that the perceived ease to adopt a technology is adversely affected by insecurity. It can 

be said, as though people are aware of the easy use of new technology, but will fail to adopt due 

to the fear of losing some confidential over the internet. H4b was not supported. H4b showed a 

statistical insignificant relationship with perceived usefulness to adopt industry 4.0 technologies 

(t-statistic = 0.17). This suggests that a firm’s perceived usefulness of a new technology, is not 

affected by the insecurity that is associated with the technology. The finding does not support prior 

studies which revealed that, insecurity negatively influences perceived usefulness to adopt (Omar 

et al., 2021; Parasuraman, 2000). 

University of Ghana http://ugspace.ug.edu.gh



 

109 
 

5.6.7 Awareness 

 

Studies have revealed that, the factors that influence the adoption of new technologies is based on 

the level of awareness or knowledge the firm has on that technology (Kinkel et al., 2022). In 

support of the aforementioned, H5a predicted that “manufacturing firms’ awareness of Industry 

4.0 technologies positively influences their perceived ease to adopt these technologies”. H5b also 

predicted that “manufacturing firms’ awareness of Industry 4.0 positively influences their 

perceived usefulness to adopt such technologies”. H5a was supported with a significant t-value of 

5.94. This indicates a positive correlation between awareness and perceived ease to adopt. 

Literature has it that, firms must be aware of the characteristics of the technology in order to adopt 

new technology in manufacturing (Ardito et al., 2019). H5b was also supported. The results of 

H5b shows a positive correlation between awareness and perceived usefulness to adopt Industry 

4.0 with a t-value of 7.6 as displayed on Table 5.9. Awareness has a positive correlation with 

perceived usefulness. This implies that if firms are aware of a technology, this could potentially 

influence their perceived ease of use of that technology and subsequently facilitate its adoption. 

This finding suggests that manufacturing firms that are aware of a technology and find it valuable 

would embrace Industry 4.0 technology, which will enhance them in their production operations. 

This evidence aligns with the finding of a previous study by Pai & Alathur (2019) which did 

established a correlation between awareness and perceived usefulness to adopt a new technology.  

 5.6.8 Perceived Ease to Adopt 

 

Perceived ease of use “is the degree to which a person believes that using a particular system would 

be free of effort” (Davis, 1989 p. 320). H6 states that, “Manufacturing firms’ perceived ease of 

Industry 4.0 technologies positively influences their intention to adopt such technologies”. H6 was 
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support with t-value of 3.58. Findings from prior studies revealed that, that perceived ease of use 

of a new technology has key effects on adoption and use of the new technology (Acheampong et 

al., 2017).  For instance, if the features of Industry 4.0 are easy to use and are easier to use as 

compared to the traditional way of manufacturing, it will facilitate the firms’ intention to adopt the 

technologies. 

5.6.9 Perceived Usefulness to Adopt 

 

Perceived usefulness is the of the idea that adopting a technology would enhance a user’s ability 

to execute a particular task (Park et al., 2021). According to  Lin et al. (2007), technology readiness 

and people's intentions to adopt a new technology are entirely mediated by its perceived usefulness. 

Technologies enable manufacturing with direct communication systems, thereby allowing the 

making of adaptive decisions and helping challenges to be solved in real-time (Tangahu et al., 

2021). In line with this, hypothesis 7 (H7) states: “Manufacturing firms’ perceived usefulness to 

adopt of Industry 4.0 positively influences their intention to adopt such technologies”. H7 was 

supported with a significant t-value of 8.42. There is a positive correlation between perceived 

usefulness to adopt and intention to adopt.  This implies that, firms will adopt or use a technology 

to the extent that it will improve their ability to enhance their performance (Mensah, 2020; Rojas-

Méndez et al., 2017). Perceived usefulness of Industry 4.0 technologies will positively influence 

the intention to adopt Industry 4.0 technologies (Parasuraman, 2000).  

5.6.10 Support Resources 

 

 H8a and H8b explores the moderating effect of support resources. The H8a proposed that, 

“Support resources moderate the relationship between perceived ease to adopt Industry 4.0 

technologies”. H8b on the other hand, proposed that, “Support resources moderate the 
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relationship between perceived usefulness of Industry 4.0 technologies and the intention to adopt 

Industry 4.0 technologies”. H8a was not supported. The t-value for H8a is 0.15 which signifies 

statistically insignificant relationship. A firm’s intention to adopt Industry 4.0 technologies would 

be dependent on the existing support resources such as IT infrastructure, IT capability and financial 

resource. Support  resources are anticipated to moderate the effect of perceived ease to use and 

perceived usefulness on a firm’s intention to  adopt a new technology (Faqih & Jaradat, 2015). 

Contrary to this position in the literature, the current finding indicates that, support resources do 

not have any moderating effect on the relationship between perceived ease to adopt a technology. 

H8b was also not supported with a t-value of 0.30 as shown on Table 5.9. This implies that support 

resources do not moderate manufacturing firms’ perceived usefulness to adopt and intention to 

adopt Industry 4.0 technologies. This finding of the study revealed that support resources do not 

moderate the relationship between perceived usefulness and intention to adopt industry 4.0 

technologies.  

5.7 Chapter Summary 

This chapter sought to determine the extent of awareness of dominant Industry 4.0 among firms in 

Ghana. The mean values of the level of awareness of manufacturing firms in Ghana about Industry 

4.0 technologies were higher than 3.5. Based on the mean values obtained, it gives an indication 

that manufacturing firms in Ghana. On the other hand, this shows that, manufacturing firms in 

Ghana are aware of the dominant Industry 4.0 technologies. Again, the structural equation 

modelling was used to analyze the relationship between dependent and independent variables.   

Nine (9) of the fourteen (14) hypotheses stated were supported, whereas five (5) were not. The 

supported hypotheses included H1a, H1b, H2a, H3a, H4a, H5a, H5b, H6 and H7. The hypotheses 

H2b, H3b, H4b, H8a and H8b however, were not supported.  
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CHAPTER SIX 

SUMMARY, CONCLUSIONS AND CONTRIBUTIONS OF THE STUDY 

6.1 Chapter Overview 

This chapter presents a summary of the previous chapters, a summary of findings, conclusions, the 

study’s contributions, the study’s limitations, and future research directions.   

6.2 Summary of Previous Chapters 

The study aimed to examine the awareness of Industry 4.0 technologies among manufacturing 

firms in Ghana and to ascertain their readiness for accepting and embracing such technologies. 

The current study examined the readiness and awareness of the manufacturing sector of Ghana in 

embracing Industry 4.0 technologies. Concerning the scope, the study covered only the 

manufacturing firms in the Greater Accra of Ghana. The significance of the study relative to 

research, practice and policy was also discussed in the first chapter.  

Chapter two presented the general idea of Industry 4.0 by discussing how the manufacturing sector 

has evolved over the years. The chapter also reviewed relevant literature on Industrial evolution, 

digital technologies, importance, implementation challenges, barriers, and benefits of Industry 4.0. 

The second chapter also examined relevant literature regarding the composition and the principles 

of Industry 4.0 which are made up of interoperability, decentralization, virtualization, real-time 

capability, modularity and service orientation.  

The third chapter discussed the theory underpinning the study which formed the basis for the 

development of the proposed theoretical framework and the development of the hypotheses. The 

study is theoretically anchored on the foundations of the Technology Readiness and Acceptance 
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Model (TRAM). The research variables were borrowed from the TRAM to ascertain the factors 

influencing manufacturing firms’ adoption of Industry 4.0 technologies. TRAM helps in 

evaluating a user's viewpoint on any generic technology using the constructs, optimism, 

innovativeness, discomfort and insecurity. Awareness was added to the existing constructs of the 

TRAM and support resources as a moderating factor. 

The fourth chapter discussed the research methodology employed. This comprised methodological 

issues such as the research paradigm, research design, research population, sampling technique 

employed, sample size determination, design of the data collection instrument, the description of 

the data collection process, techniques for analyzing data collected and ethical considerations.  

The data was analyzed in chapter five, and the results were then presented. Before data analysis, 

the data was cleaned to weed out any missing or incorrect data sets. The demographic components 

were illustrated. Excel was used to find the means from the Likert scale on the extent of awareness 

and extent to which Industry 4.0 technologies have been adopted by the manufacturing firms in 

Ghana. The Smart-PLS software was then used to analyze the relationships between the research 

variables. The findings showed that the majority of the research hypotheses were accepted.  

Additionally, the moderating variable’s impact was also evaluated. This chapter also discussed 

findings relative to the existing literature. 

The final chapter presented a summary of the previous chapters, a summary of the findings, a 

conclusion, the contributions of the study as well as the limitations. The summary of the findings 

was divided into three in line with the objectives. The first finding of the first objective revealed 

that the manufacturing firms in Ghana are aware of the dominant Industry 4.0 technologies. The 

second finding of the second summary of the objective showed the theoretical framework used 

Technology Readiness and Acceptance Model (TRAM). It was found that the variables of the 
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model helped in determining the Industry 4.0 readiness and acceptance among manufacturing 

firms in Ghana. In the third summary, it was found that the findings of H5a and H5b confirmed 

awareness influencing perceived ease and perceived usefulness to adopt Industry 4.0. It was 

concluded from the results of the study that manufacturing firms in Ghana are aware of the 

dominant Industry 4.0 technologies. In addition, it was concluded that among the dominant 

Industry 4.0 technology: The Internet of Things, Artificial Intelligence, Cloud Computing, Big 

Data Analytics, Additive Manufacturing and Blockchain. The Internet of Things and Artificial 

Intelligence were partially adopted. The sixth chapter also presented the contributions of the study 

to research, practice and policy. In research, it contributed to the existing body of knowledge by 

introducing awareness and support resources to the already existing variables. In practice, the 

results would help practitioners to focus on making decisions that will enable the firms to be 

innovative and optimistic to facilitate the adoption of Industry 4.0.  The knowledge discovered 

would help policymakers and relevant government agencies to enact policies to reduce the 

insecurity of firms in adopting Industry 4.0 technologies. The study was limited by scope. Also, 

further studies could use other readiness and acceptance models to determine the adoption of 

Industry 4.0 technologies.  

6.3 Summary of Findings 

The study's findings are divided into three categories by the objectives of the study. The findings 

on the awareness of dominant Industry 4.0 technologies among manufacturing firms in Ghana, the 

findings on Industry 4.0 technologies readiness and acceptance among manufacturing firms in 

Ghana and the effects of the awareness, technology readiness and acceptance factors on the 

adoption of Industry 4.0 technologies by manufacturing firms in Ghana. 
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6.3.1 Determine the awareness of the dominant Industry 4.0 technologies among 

manufacturing firms in Ghana. 

 

Findings from the studies revealed that manufacturing firms are aware of the dominant Industry 

4.0 technologies. The dominant Industry 4.0 technologies are the Internet of things, Blockchain, 

Big Data, Cloud Computing, Additive Manufacturing and Artificial Intelligence. The results of the 

study indicated awareness of Industry 4.0 technologies among manufacturing firms in Ghana. 

From the responses gathered for the study, 93.5% of the total respondents were aware of Industry 

4.0 technologies. 

6.3.2 Determine Industry 4.0 technologies’ readiness and acceptance among manufacturing 

firms in Ghana. 

 

The second objective of the study was to determine firms’ readiness and acceptance of Industry 

4.0 technologies among manufacturing firms in Ghana. The PLS-SEM was used to analyze the 

hypotheses developed for the study. The theoretical framework was developed from the 

Technology Readiness and Acceptance Model (TRAM) and the constructs helped in assessing the 

Industry 4.0 technologies’ readiness and acceptance among manufacturing firms in Ghana. From 

the findings of 14 tested hypotheses, nine (9) of the hypotheses were accepted whereas the 

remaining five (5) were rejected.  However, it was revealed that the moderator which is the support 

resource does not moderate the relationship between perceived ease to adopt and intention to adopt 

Industry 4.0 and the relationship between perceived usefulness to adopt and intention to adopt 

Industry 4.0 technologies.  
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6.3.3 Examine the effect of Industry 4.0 awareness and technology readiness and acceptance 

factors on its adoption among manufacturing firms in Ghana 

 

Extant literature has reported that relations exist between awareness and technology readiness and 

the adoption of Industry 4.0 technologies. The study discovered that when firms are aware of 

technology, its perceived ease to adopt and perceived usefulness, there is a tendency to be ready 

and accept such technology. The findings of hypotheses H5a and H5b confirm the position that 

awareness which was an addition to complement the original framework (TRAM) influences 

perceived ease and perceived usefulness to adopt Industry 4.0 technologies. Other studies such as 

Shareef et al. (2009) and Sinha et al. (2019) support this position.  

6.4 Mapping Research Objectives to Findings and Conclusions 

Table 6.1 Summary of the study findings 

Research 

Objectives 

Research Findings Supported 

Literature 

Conclusions 

Determine the 

awareness of the 

dominant Industry 4.0 

technologies among 

manufacturing firms in 

Ghana. 

The Internet of things 

dominated the Industry 

4.0 techno that 

dominates among the 

Ghanaian manufacturing 

with a total response of 

141 out of the sample of 

170. Artificial 

Intelligence happens to 

be the second dominant 

Industry 4.0 technology, 

which was also followed 

by Cloud Computing. 

Sinha et al. (2019), 

Kinkel et al. (2022), 

Shareef et al. (2009) 

Relating to the 

findings of the study, 

it can be concluded 

that, the 

manufacturing firms 

in Ghana are aware 

of the dominant 

Industry 4.0 

technologies.  
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The analyses revealed 

that  the  Blockchain 

happens to record the 

least with level of 

awareness the dominant 

Industry 4.0 

technologies among 

manufacturing firms in 

Ghana. 

 

Determine Industry 

4.0 technologies’ 

readiness and 

acceptance among 

manufacturing firms 

in Ghana. 

 

The findings of this 

study showed the factors 

that influence firms’ 

readiness to accept new 

technology (Industry 

4.0). 

These factors were 

examined using 

Technology Readiness 

and Acceptance Model 

(TRAM) and 

Awareness: 

i. Optimism 

ii. Innovativeness 

iii. Discomfort 

iv. Insecurity 

v. Awareness 

vi. Perceived ease of use 

Mensah, (2020), Pai 

& Alathur (2019), 

Raman & Aashish 

(2021), Rojas-

Méndez et al. 

(2017), Zhong et al. 

(2017), Parasuraman 

& Colby (2015), 

Shareef et al. (2009) 

  

It can be concluded 

that the factors of 

Technology 

readiness and 

acceptance model 

(TRAM) and 

awareness can be 

used to determine the 

readiness and 

acceptance of 

Industry 4.0 

technologies among 

manufacturing firms 

in Ghana.  
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vii. Perceived usefulness 

viii. Intention to adopt 

There is a perception that 

technologies that would 

be easy to use 

significantly influences 

firms’ readiness and 

acceptance to adopt. 

Firms perceive that 

Industry 4.0 will be easy 

to understand, use and 

flexible, hence, 

favorable to adopt it. 

Any technology that is 

difficult to use 

irrespective of the 

benefits will not be 

easily acceptable and 

adopted. Similarly, there 

is a notion that 

technologies that would 

improve the 

performance of a firm 

will significantly 

influence firms’ 

readiness and acceptance 

to adopt. Firms perceive 

that Industry 4.0 will 

help improve their 

performance and 
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production processes 

hence, favorably ready 

to adopt it.  

Examine the effect of 

Industry 4.0 

awareness and 

technology readiness 

and acceptance 

factors on the 

adoption of Industry 

4.0 technologies by 

manufacturing firms 

in Ghana.  

 

Firms were optimistic in 

adopting Industry 4.0 as 

revealed by the results of 

the study. 

 

 

It was revealed that 

innovativeness has a 

positive influence on a 

firm adopting a new 

technology. 

Innovativeness can as 

well have a negative 

influence on a firm 

adopting a new 

technology that is; if the 

manufacturing firms 

find it difficult to 

discover the information 

pertaining to the benefits 

of adopting Industry 4.0 

technology. 

The finding showed that, 

the discomfort of 

manufacturing firms 

negatively influences 

(Omotayo & 

Adekunle (2021) 

Parasuraman, 

(2000), Kim & Chiu 

(2019) 

There should be 

infrastructure and 

opportunities should 

be provided to assist 

firms acquire 

computing skills and 

also become 

technology savvy. 

The government 

should also put 

strategies and 

measures in place to 

help firms migrate 

into the use of 

advanced 

manufacturing 

technologies. 
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firms’ readiness to adopt 

Industry 4.0 

technologies. 

It was further revealed 

that perceived insecurity 

has a negative influence 

on the readiness of firms 

to adopt Industry 4.0. 

Awareness and 

knowledge a firm has on 

the technology has an 

influence on the 

adoption of new 

technologies in 

manufacturing firms in 

Ghana. 

6.5 Conclusions 

In relation to the results of the study it can be said that, manufacturing firms in Ghana are aware 

of the dominant Industry 4.0 technologies. It can be established that the factors of Technology 

readiness and acceptance model (TRAM) and awareness can be used to determine the readiness 

and acceptance of Industry 4.0 technologies among manufacturing firms in Ghana. There can be a 

conclusion from the study that, manufacturing firms in Ghana are aware of the dominant Industry 

4.0 technologies. Based on the results of the study, it can be concluded that Internet of Things and 

Artificial Intelligence are partially adopted by manufacturing firms in Ghana whiles the other 

dominant Industry 4.0 technologies such as Cloud computing, Big Data, Additive Manufacturing 

and Blockchain are not adopted.  
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6.6. Study Contributions  

6.6.1 Contribution to Research 

 

Studies have revealed that, Industry 4.0 technologies are emerging advancements in the 

manufacturing sector globally. Due to this, there are calls for productive research to uncover 

further discoveries that support the body of literature and theories for effective implementation. 

Theoretically, this study adds to the body of knowledge already known about the readiness in 

accepting a new technology. The study added that awareness of a technology will influence the 

readiness to adopt a new technology and the results from H5a and H5b confirmed that.  In addition 

to the TRAM variables, support resource was introduced as a moderating factor in examining the 

readiness and acceptance of new technologies. The study discovered that support resource does 

not moderate a firms’ readiness in adopting a technology. 

6.5.2 Contribution to Practice 

 

The findings of the study will help management to focus on making decisions to be innovative in 

their firms to help in adopting new technologies. H2a revealed that, when firms are innovative, it 

influences their intention to adopt new technology. With the results from optimism as a readiness 

variable in adopting a new technology, it will help practitioners to focus of formulating policies 

that will enable them to be optimistic to influence the adoption new technology. H1a and H1b 

revealed that being optimistic influences the adoption of Industry 4.0 technology. Discomfort is 

defined as “a perceived lack of control over technology and a feeling of being overwhelmed by it” 

(A. Parasuraman, 2000). The results of the study (H3a) specified that, discomfort influences firms 

in adopting Industry 4.0. This discovery of the studies will enable management to focus on the 

usefulness of a technology rather that its ease of use.  
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6.5.3 Contribution for Policy 

 

In policy, this study will serve as a piece of knowledge that will enable policymakers and relevant 

government agencies to enact policies that serve as a curb to insecurity of firms adopting Industry 

4.0 technologies. Insecurity is defined as “a distrust of technology and skepticism about its ability 

to work properly” (Parasuraman, 2000). The results (H4a) of the study showed that insecurity 

influences firms’ intention to adopt Industry 4.0 technologies. This knowledge discovered will 

help policymakers and its relevant stakeholders make decision on making internet use policies that 

will help to reduce the level of insecurity in adopting new technology. Also, another finding of the 

study (H5a and H5b) postulated that awareness influences firms’ intention in adopting Industry 

4.0 technologies. This knowledge discovered will enable policymakers in making decision of 

creating awareness of new technologies among firms to facilitate the consideration to adopt such 

new technologies.  

6.6 Limitations and Future Research Directions 

The study however has some limitation regarding its scope. The study focused on manufacturing 

firms located in the Greater Accra region of Ghana. This research might be replicated to examine 

how ready firms are, in different regions to adopt Industry 4.0 technologies. Similarly, the 

Technology Readiness and Acceptance Model (TRAM) was used as the theoretical foundation. 

Future researchers may think about employing a new technological acceptance model that takes 

additional characteristics or circumstances into consideration that may have an impact on 

readiness. Furthermore, research has demonstrated that, based on their scores on the four 

characteristics of technological readiness, people may be functionally divided into five distinct 

clusters (explorers, pioneers, skeptics, paranoids, and laggards, in that order) (Parasuraman & 

Colby, 2015). The psychographic and demographic characteristics of these groups are diverse, and 
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they range significantly in terms of their technological attitudes and behaviors as well as in how 

long it takes each category to enter the technology market. Future research might attempt to study 

how the diversity of the people in technology acceptance will influence their readiness to adopt 

Industry 4.0 technologies.  
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APPENDIX A 

MONICA BAFFOWAA 

UNIVERSITY OF GHANA BUSINESS SCHOOL  

DEPARTMENT OF OPERATIONS AND MANAGEMENT INFORMATION SYSTEMS 

QUESTIONNAIRE 

Dear Respondent, 

I am a student at the University of Ghana Business School pursuing an MPhil in Management 

Information Systems. As part of the requirement for the award of this degree, I am undertaking 

research on the topic: The Adoption of Industry 4.0 Technologies among Ghanaian Manufacturing 

Firms: A Technology Readiness and Acceptance Model Perspective. I kindly seek your assistance 

and cooperation in completing this questionnaire. Any information provided will be used for the 

purpose of this research only. You are assured that all the information provided will be treated 

with the utmost confidentiality. It would take roughly 20 minutes to get the questionnaire 

completed. 

 

SECTION A: DEMOGRAPHIC FACTORS (Kindly select the appropriate box) 

1. Gender          

     Male [  ]     Female [  ] 

2. Age of respondent 

     25 – 34years [  ]   35 – 44years [  ]   45years and above [  ] 

3. Highest Educational Qualification  

     Diploma [  ]     HND [  ]     Degree [  ]     Masters and Above [  ] 
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4. Department of the respondent in the organization 

     Operations/Production [  ]     IT [  ]     Procurement [  ]      Supply Chain Management [  ]       

Logistics [  ]  

5. Number of years worked in this organization 

    1 – 5 years [  ]     6 – 10 years [  ]   More than 10 years [  ] 

6. Please tick the type of industry in which your firm is found 

    a. Food and beverage      [  ]     b. Pharmaceutical      [  ] 

    c. Textiles and garment      [  ]     d. Chemical and Cement  [  ]  

    e. Aluminum Smelting  [  ]     f. Mining       [  ] 

SECTION B: Awareness of the concept of Industry 4.0 and its basics 

Kindly answer by ticking the appropriate check box provided  

7. Are you familiar with the term, Industry 4.0? 

     Yes [  ]     No [  ] 

8. Which of the following technologies do you associate with Industry 4.0? (Please tick all that 

apply)  

     a. Internet of Things       [  ]     b. Blockchain   [  ]    

     c. Big Data        [  ]      d. Cloud Computing   [  ]      

     e. Additive Manufacturing     [  ]     f. Artificial Intelligence [  ]      

  

Please indicate the extent to which you are aware of the under listed Industry 4.0 technologies 

using a Likert Scale of 1-5 where, 1= Highly unaware, 2= Unaware, 3=Neutral, 4=Aware, 

5=Highly Aware. 

INDUSTRY 4.0 TECHNOLOGIES 1 2 3 4 5 

Internet of things      
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Blockchain      

Big Data      

Cloud Computing      

Additive Manufacturing       

Artificial Intelligence      

 

Please indicate the extent to which your firm has adopted any of the under listed Industry 4.0 

technologies using a Likert Scale of 1-5 where, 1= Not adopted, 2= Adoption process initiated, 

3=Don’t Know, 4=Partially adopted, 5=Fully adopted. 

ADOPTED INDUSTRY 4.0 TECHNOLOGIES 1 2 3 4 5 

Internet of things      

Blockchain      

Big Data      

Cloud Computing      

Additive Manufacturing       

Artificial Intelligence      

  

SECTION C Awareness and Readiness   

Please indicate the extent to which you agree or disagree with the following statements using a 

Likert Scale of 1-5 where, 1= Strongly disagree, 2= Disagree, 3=Neutral, 4=Agree, 5=Strongly 

agree 

 STATEMENTS 
1 2 3 4 5 

A  OPTIMISM 
     

OPT 1 Industry 4.0 gives more control over a firm’s operations      

OPT 2 We prefer to use the most advanced technology available for 

manufacturing. 

     

OPT 3 Industry 4.0 technologies make the production processes 

convenient 

     

OPT 4 Industry 4.0 technologies give more freedom of mobility      

OPT 5 Technologies in manufacturing processes make the 

occupation efficient 
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OPT 6 Using technologies is preferred because it does not limit 

regular business hours.  

     

B INNOVATIVENESS 
     

INN 1 We usually figure out new high–technology products and 

services without help from others. 

     

INN 2 We keep up with the latest technological developments in our 

area of manufacturing 

     

INN 3 We are among the first to acquire new technology when it 

appears. 

     

INN 4 Other people come to us for advice on new technology.      

INN 5 We enjoy the challenge of figuring out high-technology 

gadgets to improve our operations.  

     

C DISCOMFORT 
     

DIS 1 We have a feeling Industry 4.0 technologies may fail us      

DIS 2 There is no such thing as a manual for Industry 4.0 

technologies 

     

DIS 3 The technical support lines of Industry 4.0 technology 

suppliers are not helpful  

     

DIS 4 The Industry 4.0 technologies make it easier for stakeholders 

to spy on our activities. 

     

DIS 5 Sometimes, we think that Industry 4.0 technologies are not 

designed to be user-friendly 

     

D INSECURITY 
     

 INS 1 Using Industry 4.0 technologies lowers the quality of 

relationships by reducing personal interaction 

     

 INS 2 We are worried that in using Industry 4.0 technologies, the 

information we send over the internet can be accessed by other 

people. 

     

INS 3 We do not feel confident doing business with Industry 4.0 

technologies. 

     

INS 4 We do not consider it safe to do any kind of financial business 

using Industry 4.0 technologies  

     

 INS 5 When we provide information over Industry 4.0 technologies, 

we are never sure it really gets to the right place or person. 

     

E AWARENESS 
     

AWS 1 We are aware of Industry 4.0 technologies      

AWS 2 We have a great deal of knowledge about Industry 4.0 

technologies 

     

AWS 3 Using Industry 4.0 technologies will help improve decision-

making with data-based tools  

     

AWS 4 We are knowledgeable about the capabilities of Industry 4.0 

in manufacturing 
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AWS 5 Using Industry 4.0 technologies will improve our 

manufacturing operations  

     

F PERCEIVED EASE TO ADOPT INDUSTRY 4.0 
     

PE 1 The features of Industry 4.0 technologies are easy to use      

PE 2 Industry 4.0 technologies are understandable and clear      

PE 3 Using Industry 4.0 technologies in manufacturing is easier 

than the traditional process. 

     

PE 4 Learning to use Industry 4.0 in the production process is easy      

PE 5 It would be easy to become skillful at using Industry 4.0       

G PERCEIVED USEFULNESS 
     

PU 1  Using Industry 4.0 would help improve performance      

PU 2 Industry 4.0 will help improve productivity       

PU 3 Industry 4.0 will help improve production effectiveness       

PU 4 Industry 4.0 will help minimize delays in production      

PU 5 Industry 4.0 enables quick accomplishment of tasks       

H INTENTION TO ADOPT  
     

ITA 1 It is desirable to use Industry 4.0      

ITA 2 Industry 4.0 technologies are good for manufacturing       

ITA 3 Using Industry 4.0 is favorable within the context of 

manufacturing 

     

ITA 4 Using Industry 4.0 is a great idea towards enhancing our 

manufacturing process 

     

ITA 5 We will use Industry 4.0 technologies in our operations      

 

Please indicate the extent to which you agree or disagree with the following statements using a 

Likert Scale of 1-5 where, 1= Strongly disagree, 2= Disagree, 3=Neutral, 4=Agree, 5=Strongly 

agree 

SUPPORT RESOURCE 1 2 3 4 5 

Adequate technological infrastructure is necessary for Industry 4.0 

adoption  

     

We have a competent IT support team to help in times of crisis       

We have the  capacity to acquire new equipment for the adoption of 

Industry 4.0 technologies 

     

University of Ghana http://ugspace.ug.edu.gh



 

175 
 

We have the financial resources to put in place the needed infrastructure 

for the adoption of Industry 4.0 technologies 

     

We have sufficient internet access and speed for operating with Industry 

4.0 
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