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Abstract

:

Big data analytics technology offers significant opportunities for innovation and performance improvement for small- and medium-sized enterprises (SMEs) operating in competitive environments. However, reaping these benefits requires the adoption of such technologies by SMEs. This study investigates the factors influencing the adoption of big data and analytics in Saudi Arabian SMEs in the service and manufacturing sectors, with a particular focus on the role of facilitating sustainable technology in enabling sustainable business performance. Data were collected from managers of SMEs in Saudi Arabia using a quantitative method. The proposed hypotheses were tested using structural equation modeling with SmartPLS 4.0. The findings reveal that big data security and management support significantly influence the perceived ease of use and usefulness of big data analytics in SMEs. Perceived ease of use significantly influences the adoption of big data analytics. Furthermore, facilitating sustainable technology was a significant predictor of sustainable business performance. Additionally, the study revealed that the adoption of big data analytics significantly influenced business performance. The insights obtained from this study can be useful for the service and manufacturing industries operating in Saudi Arabia, particularly regarding the key influencing factor of perceived ease of use that determines the adoption of big data analytics in the Saudi Arabian SME market.
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1. Introduction


This research study is primarily focused on the adoption of big data analytics (BDA) by small- and medium-sized enterprises (SMEs). Big data is a collection of subject-oriented data comprising information from a given time period that helps decision-makers [1]. Scholars such as Sen et al. [2] and Coleman et al. [3] have emphasized the significance of identifying the crucial factors regarding the adoption of BDA. They have also thrown light on the opportunities and challenges that SMEs face while considering adopting BDA. This study is particularly relevant to SMEs in Saudi Arabia, as studies by Alshamaila et al. [4] and Alalwan et al. [5] have shown an increasing interest in BDA in the country. Therefore, it is crucial to establish a comprehensive framework for understanding SMEs’ adoption of BDA. Awa et al. [6] and Baig et al. [7] have provided insights into technology–organization–environment factors that can be integrated into such a framework, while Maroufkhani et al. [8] and Akhtar et al. [9] have contributed by identifying determinants of BDA adoption in SMEs. Collectively, these studies underscore the complexity of BDA adoption in SMEs, necessitating a holistic approach to comprehending and supporting this process.



Related studies on the use of BDA in various organizations show that businesses can benefit from using BDA as a solid foundation for improving performance [3,10]. Large companies in all industries use this valuable technology to enhance customer relationships significantly, product selection and development, and ultimately profitability [11]. However, BDA is a relatively new phenomenon for SMEs [3]. According to the International Labor Organization [12], SMEs contribute to job creation, where they generate two-thirds of jobs worldwide. Firms with less than 100 employees create 50 percent of private sector jobs in developing economies [13]. In the Saudi Arabian context, 92 percent of all businesses are SMEs, contributing 33 percent of the country’s GDP [14]. However, the prevailing literature stresses the significance of BDA in large corporations [15].



According to Mikalef et al. [16], more studies on the adoption of BDA by SMEs are needed. Many SMEs are still hesitant to adopt BDA technology or fail to make practical use of BDA investment, although it has been argued that BDA plays a crucial role in improving sustainability efforts [17]. These SMEs are far behind when it comes to BDA adoption because of their limited resources and lack of understanding of the main factors that hinder the adoption and use of such technologies despite understanding their importance in enhancing sustainability [18]. ccording to previous research, there are not many studies that focus on the adoption of BDA among SMEs. Only a few studies exist, and they are quite limited [19,20]. Moreover, SMEs in developing countries such as the KSA have different situations and circumstances that need further investigation. Therefore, this study utilizes a technological, organizational, and environmental (TOE) framework to investigate the factors that drive BD adoption in the SME sector. The TOE model is suitable for this study because it is adaptable and can explain the levels of technology adoption among these businesses [8]. Hence, this research aims to explore the influencing factors of BDA adoption within SMEs in Saudi Arabia. Precisely, this study identifies the following research objectives from the above discussion.



	
Objective 1: To critically evaluate key critical factors that influence BDA adoption by SMEs in Saudi Arabia;



	
Objective 2: To examine the impact of facilitating sustainable technology on sustainable business performance in Saudi Arabian SMEs;



	
Objective 3: To develop a holistic framework to understand SMEs’ adoption of BDA in Saudi Arabia.






This section provides a background on this research study, along with a description of the problem, research gaps, and goals. Following this is an explanation of the literature review, the development of the theoretical hypotheses, and the study theoretical model. The study’s methodology is described in the section that follows, which also includes a presentation of the survey data’s findings from Saudi SMEs. The final section presents a discussion on management implications, limitations, and future directions.




2. Literature Review


2.1. Industry 4.0 and Sustainable Business Performance


The incorporation of Industry 4.0 technologies, including the use of big data and big data analytics applications, shows transformative potential for businesses and improves sustainable business performance in small and medium enterprises (SMEs) [21]. Big data is a revolutionary technology, defined as “a collection of subject-oriented data with information from a specific time period that assists the management decision-making process” [9]. Big data has 10 unique characteristics, known as the 10 V’s: volume, velocity, veracity, value, variety, variability, validity, vulnerability, volatility, and visualization [1,7,10]. Figure 1 illustrates the 10 V’s of big data. By the integration of Industry 4.0 capabilities, which is categorized by the digitization of business and industrial processes, (SMEs) can use advanced analytics, among other technologies, to obtain insights from massive datasets [3]. This capacity is essential for maximizing operational effectiveness, reducing waste, and improving decision-making procedures, all of which support environmental and economic sustainability [22]. In an increasingly data-driven economy, small- and medium-sized enterprises (SMEs) can gain a competitive edge by using big data analytics to forecast market trends, customize consumer experiences, and strengthen supply chain resilience [23]. Furthermore, big data and analytics support the more general goals of sustainable development by promoting sustainable practices and enabling the efficient use of resources, which helps SMEs not only grow economically but also perform in an environmentally conscious manner [17]. In order to tackle the challenges of the twenty-first century, SMEs that aim for sustainable business performance will find that the use of big data and analytics within the context of Industry 4.0 is a crucial enabler [24].




2.2. Small- and Medium-Sized Enterprises (SMEs) in Saudi Arabia


SMEs in Saudi Arabia have seen a remarkable transformation and significant growth due to the support programs provided by the government [25]. In 2016, the country introduced its 2030 vision to diversify its economy, reduce its dependence on oil revenue, and promote sustainable development [26]. To have a more diversified economy and less reliance on oil, one of the primary goals of Vision 2030 is to raise the percentage of non-oil exports in non-oil GDP from 16 to 50%. In terms of employment, the nation wants to bring Saudi Arabia’s unemployment rate down from about 12 to 7%. Along with raising the private sector’s GDP share from the current level of 40 to 65%, the vision calls for rising from 25th to among the top 10 in the global competitive index. One particular goal that is related to SMEs, is to increase the share of SMEs in the GDP from 20% to 35% [27]. This vision is based on empowering small and medium enterprises (SMEs) as key contributors to economic development, innovation, and job creators through fostering a vibrant entrepreneurial ecosystem [28].



According to Monsha’at, companies are classified based on their full-time employees’ numbers and revenue volume (see Figure 2). Based on the criteria identified, the number of employees in small businesses should be less than 50, and in medium-sized ones, less than 250 employees. On the other hand, revenue for small and medium-sized businesses should not exceed 40 million and 200 million, respectively. The data suggests that almost 1.2 million SMEs are operating in the Kingdom of Saudi Arabia, and SMEs are experiencing continuous growth [13].



The SME sector in Saudi Arabia is becoming a driving force across many industries and sectors, including tourism, e-commerce, retail, food and beverage, and fintech. Given the vast and diverse geography of Saudi Arabia, data suggest that 41.4 percent of these SMEs are located in Riyadh, which is followed by Makkah at 18.1 percent, demonstrating the geographic variety of entrepreneurship [13].



In regards to government support, Saudi Arabia strategically tries to improve the SMEs’ competency and business environment [29]. These steps include establishing the SME Bank which focuses on boosting the SME sector’s contribution to GDP and the BIBAN forum (Saudi Arabia’s largest start-up, SME, and entrepreneurship conference) dedicated to developing a robust climate for SMEs. The government’s dedication to developing SMEs as a vibrant economic sector completely aligns with Vision 2030 objectives, as Saudi Arabia is seeking to reduce its economic dependence by greatly increasing its GDP, lowering unemployment rates, increasing women’s involvement in the workforce, and being a blooming center for entrepreneurial endeavors [30]. The Saudi government’s persistent support for SMEs can change the country’s economic landscape and advance it closer to the lofty objectives of Vision 2030 [31].



SMEs have an essential role to play in achieving the goals of the Saudi economy, which contributes to the diversification of production and employment of citizens affecting the future of the kingdom and its youth. Small- and medium-sized enterprises (SMEs) are a vital component of the country’s economy for several reasons, including their potential to provide employment opportunities and reduce unemployment rates, particularly among the youth, relieving pressure from the public sector [32]. The latest data available in October 2021 showed that approximately five million individuals were employed by SMEs in the Kingdom. These companies employ 62% of the total workforce in the private sector and contribute to reducing unemployment rates in the country [33]. With the increasing use of technology and globalization, competition among Saudi Arabian SMEs has intensified. As a result, many of these businesses have turned to innovative strategies and technologies to offer unique products and services and remain competitive in the market [34]. In light of these factors, SMEs in Saudi Arabia are constantly working to manage their operations effectively and keep up with the ever-evolving information technology landscape to gain a competitive edge.



Previous studies in Saudi Arabia have discussed factors that might affect technology adoption in SMEs. These studies have revealed the complex interplay between external financing avenues and internal organizational dynamics in shaping SMEs’ technological adoption and business performance. Alshebami’s [35] investigation into the crowdfunding landscape shows how performance expectancy, social influence, and trust significantly drive young entrepreneurs toward these platforms. The study suggests that alternative financing can crucially support SMEs’ endeavors to integrate advanced technologies and sustainable practices, which may enable SMEs to overcome the initial capital challenge associated with adopting big data analytics. Another study has shed light on how internal factors may interact to influence SMEs’ economic outcomes. Integrating sustainable practices and technologies within business processes is not merely a financial challenge but also a matter of promoting an innovative and entrepreneurial culture within the firm. The emphasis on green innovation aligns with the global push towards sustainability, indicating that SMEs’ focus on environmental innovations can significantly contribute to their competitive advantage and performance in the market [36].



Although prior studies have highlighted the importance of external financial factors and internal organizational dynamics, there is a lack of research focusing on the nuanced interplay of internal organizational aspects that directly influence technology adoption decisions. Furthermore, while the external mechanisms and the broader entrepreneurial ecosystem’s influence on SMEs’ technological and innovative capacities have been documented, the specific internal organizational requirements for leveraging BDA for enhanced competitiveness and sustainability in business performance have not been adequately addressed. This study aims to fill this gap by offering insights into the critical internal mechanisms that enable or hinder the effective integration of big data analytics and sustainable technologies in SMEs operating within the complex and competitive Saudi Arabian business environment.




2.3. Theoretical Background and Proposed Framework


The adoption of any innovation or technology depends on individual and/or organizational levels to initially accept and/or use the innovation to solve problems [6]. Several theories and models have been employed by scholars to study technology adoption and use [6,7,8]. This study will integrate the Technology Acceptance Model (TAM) and the technology–organization–environment (TOE) framework to understand SMEs’ adoption of BDA in Saudi Arabia.



2.3.1. Technology Acceptance Model (TAM)


TAM evolved as a leading model in explaining and predicting technology adoption. TAM is one of the key theoretical frameworks in information system research used by organizations to study technology such as BDA [37,38]. TAM theorizes that behavior plays a central role in any adoption of technology [38]. Venkatesh [38] further illustrated the work of Davis [39] by incorporating the key elements of perceived usefulness (PU) and perceived ease of use (PEOU) as key elements driving the adoption and acceptance of a technology. TAM offers a structured prism through which SMEs’ readiness and intention to adopt technology such as BDA can be assessed and understood [37,40]. TAM provides a theoretical lens that enables us to dive into the key factors driving SMEs’ decisions to integrate BDA into their operations. According to Verma et al. [37], the characteristics of the big data analytics system have a significant impact on belief in the benefits of big data analytics and PU. Taking into consideration the research from Okcu et al. [40], one can conclude that BDA should be exploited as a competitive asset to reduce uncertainty in decision-making and to improve organizational competitiveness.




2.3.2. Technological, Organizational and Environmental (TOE) Framework


The TOE framework provides a superior theoretical base for studying technology adoption and use [8,41,42]. TOE is believed to be the most prevalent for adoption in enterprise contexts [8] because it suggested generic determinants that provide more significant perspectives for examining users’ viewpoints regarding particular systems or technology. TOE framework examines the factors that influence the adoption and diffusion of emerging innovations at three levels: technological, organizational, and environmental [43]. The technological aspect includes technological competence and technological assets; the organizational context includes organizational culture, organizational structure, and upper management team; and the environmental level places more emphasis on how external factors such as market conditions and competition affect businesses [43].



The research framework integrates TAM and TOE, supporting BDA adoption in SMEs. These theories shed light on different adoption factors, and when combined, they form a robust model to understand the many factors that influence SMEs to adopt BDA technology. Appendix A summarizes prior theoretical models pertaining to small and medium enterprises in several developing countries.





2.4. Technological Factors


The organizational adoption of BDA depends upon the technological factors concerning BDA. The technological factors that impact the organization’s adoption of technology and innovation are generally derived from Rogers’ innovation diffusion theory [44]. Rogers’ theory, which was originally developed in the 1960s, is still a widely used theory to study and understand technology adoption [5]. According to Rogers [45], “a technology is a design for instrumental action that reduces the uncertainty in the cause-effect relationships involved in achieving a desired outcome” (p. 13). Therefore, given the benefits of reducing uncertainty and enhancing the performance of said objectives and goals, it becomes extremely attractive for organizations and individuals to adopt the technology. This section discusses several technological factors that might influence technology adoption in organizations including relative advantage, complexity and big data security.



The relative advantage (RA) is considered the key factor derived from DIT regarding technology adoption by organizations [10,46]. RA is the extent to which an organization perceives a particular technology or innovation, such as BDA, to be effective and superior to existing technology and innovation [45,47]. The measurement of RA by the company can take the form of many standards or benchmarks, such as economics [10], productivity [47], customer satisfaction [48], and relative competitiveness [49]. Thus, organizations are more likely to adopt innovations and technologies that offer the organization potential in terms of product efficiency, effectiveness, and higher overall benefits [41]. Furthermore, RA also facilitates the organization’s decision-making ability regarding technology adoption by focusing on the associated strategic aspects [50]. Technology such as BDA is critical to achieving strategic goals in the digital and AI era [7]. Therefore, adopting BDA can help organizations stand out among competitors and realize their strategic vision more effectively [51]. This study offers the following research hypotheses based on this literature evidence:



Hypothesis H1. 

RA significantly influences the PU of BDA adoption.





Hypothesis H2. 

RA significantly influences the PEOU of BDA adoption.





The complexity of technology and innovation, such as BDA, is how much technology and innovation are perceived as ambitious or challenging to adopt and implement in an organization [45,47]. The diffusion of innovation considers the complexity of technology, a key factor behind organizations’ intention to adopt technology [52,53]. Every technology and innovation presents a management challenge [54]. The changes are proposed to be implemented in the process, workflow, organizational structure, or overall culture [55]. Thus, technologies and innovations with fewer change management challenges are easy to implement and adopt [56]. However, complex and sophisticated technologies, such as BDA, are perceived to be more complex [57]. Empirical research has already demonstrated the negative relationship between BDA and its adoption [4]. Moreover, BDA technology adoption may depend upon the usefulness factor [58,59]. It is argued that BDA is a highly useful capability for organizations in the era of AI and digitization [60]. Organizations can generate highly effective insights from BDA, which can be used to maximize customer value and profits [61,62]. Further, with recent changes in the skill composition of the labor market [9,63], BDA can be perceived as easy to implement [64]. Therefore, we propose the following hypotheses for this research study:



Hypothesis H3. 

Complexity significantly influences PU of BDA adoption.





Hypothesis H4. 

Complexity significantly influences the PEOU of BDA adoption.





Security refers to protecting the organization’s data, information, and other digital assets from being attacked as part of a cybercrime operation [65]. The attack can include the loss or theft of critical information about consumers, suppliers, internal work, and other important aspects of an organization’s operations [66]. The lack of security and information integrity may result in the infringement of consumer rights by manipulating consumers’ privacy and secret information [67]. Therefore, to protect consumer privacy and the organization’s important information assets, it is necessary to implement resources, infrastructure, and personnel to protect an organization’s information security and integrity [68]. In the age of big data, the security of an organization has taken considerable importance [69]. Big data presents valuable resources to organizations in terms of insights that can be used to maximize perceived value and important resources to improve the business model [70]. Still, consumer privacy, sanctioned and protected by the rule of law worldwide, also presents a significant challenge [71]. Thus, it is essential for organizations to continuously invest in resources that promise integrity and security of information [72]. Consistent with that, big data infrastructure, which includes storing data using cloud computing infrastructure, is more secure than traditional in-house servers maintained by organizations [73]. Cloud computing solutions harmonize with big data by helping firms store data in large quantities and undertaking analytics to generate helpful insights. Still, it also provides an effective solution to protect the integrity and security of the data and information [74]. Thus, it can be argued that BDA technology has made the data easier to collect and store and is very helpful in using various solutions, such as cloud computing. Thus, the research study develops the following research hypotheses:



Hypothesis H5. 

BDS significantly influences the PU of BDA adoption.





Hypothesis H6. 

BDS significantly influences the PEOU of BDA adoption.






2.5. Organizational Factors


Organizational factors play a pivotal role in the successful adoption and utilization of big data analytics (BDA) within organizations. This section discusses some of these factors including management support and leadership competency that may influence the technology’s perceived usefulness and ease of use.



Management support (MS) refers to the level of understanding and commitment of an organization’s top management towards BDA [75,76]. It is critical for implementing strategic changes within an organization, as it enables the investment of necessary resources such as technology and innovation [77]. Further, the top management of any organization possesses leadership capabilities, and leadership is essential for motivating the rest of the organization to adopt any particular change easily, such as BDA [76]. Further, top management’s support is also necessary in strategically using the new technology and innovation to maximize its benefits [78]. Thus, in the case of BDA, top management’s support can result in the vision of its effective perceived ease of use and perceived usefulness in the range of activities, which can include business model innovation, improving products, services, and processes, and utilizing consumer data to derive meaningful insights for maximizing the value of the customers. Thus, this study presents the following research hypotheses:



Hypothesis H7. 

MS significantly influences the PU of BDA adoption.





Hypothesis H8. 

MS significantly influences the PEOU of BDA adoption.





Leadership competency (LC) is defined as a manager’s understanding of information technology and systems, which enables them to understand and sense the changing information technology and system-related landscape, and resulting opportunities and challenges [79]. Information technology and systems self-efficacy allows managers to comprehend the opportunities BDA provides to SMEs and utilize their technology infrastructure to implement and adopt technology into the organizations [80]. Those leaders of SME organizations who possess high competency in information system technology are better positioned to leverage the BDA more effectively than those with less big data-related competency. Further, leaders with BDA-related competencies will be better able to communicate the advantages and insights generated by using BDA technology [81] to all stakeholders. Leaders with high big data competency will employ it to solve various problems in organizations and tap any existing opportunity by undertaking data-driven decisions [3]. At the same time, leaders with a higher BDA-related competency will employ it more frequently and confidently to undertake data-driven, impactful choices [82]. Thus, the following research hypotheses are offered by this study:



Hypothesis H9. 

LC significantly influences the PU of BDA adoption.





Hypothesis H10. 

LC significantly influences the PEOU of BDA adoption.






2.6. Individual Perception


Individual perception in the adoption of new technology pertains to how individuals’ beliefs and responses to a specific technology or innovation and the impact of the technology on their decision to accept or decline it [83]. Individuals are more inclined to adopt a technology if they view it as advantageous and worthwhile. In fact, if individuals do not perceive the technology as beneficial or relevant to their requirements, they are unlikely to adopt it. Perceived ease of use (PEOU) and perceived usefulness (PU) are key determinants of the TAM model that capture users’ perception. PEOU can be defined as an organization’s subjective assessment of technology that is easy to use and utilize to solve problems, tap opportunities, and integrate into the organization’s system and value chain [59,83]. PEOU can be considered a technology that is simplistic, convenient, and easy to learn and implement in the system [83]. PEOU is significant in adopting big data and analytics as it determines its successful integration into the organization’s value chain [59]. The perception of the user-friendliness, accessibility, and manageability of big data tools can significantly impact their willingness to be adopted and implemented in various activities [82]. Thus, it is very important to design BDA tools to be highly user-friendly with a user-centric approach [84]. As a result, more stakeholders, including non-technical professionals, are given the ability to exploit the potential of data-driven insights. Further, the BDA’s PEOU is becoming increasingly critical as it develops and becomes more widely available [85], which leads to the extraction of actionable intelligence from their massive datasets that ultimately foster innovation and informed decision-making [86]. Perceived usefulness (PU) can be better described as an organization’s assessment of technology as being highly effective and likely to enhance the overall performance and productivity of the company [83,87]. PU is also the organization’s subjective assessment of technology as valuable, beneficial, and potentially solving major problems it is facing [47,88]. PU is reported to be an important factor in the widespread adoption of various novel technologies, such as BDA [37]. BDA benefits organizations by revealing significant trends, patterns, and insights from consumer and organizational data that would otherwise go unnoticed [52]. The organization can use these insights to gain a competitive edge, make better decisions, increase operational effectiveness, and improve consumer experiences and overall organizational performance [89]. BDA fosters a data-driven culture where all of the organization’s stakeholders embrace the potential of data to accomplish strategic goals and spur innovation [40]. Thus, the perceived value of BDA remains crucial in how well it is integrated into routine tasks and decision-making processes as businesses continue to employ it [90]. Therefore, the study offers the following research hypotheses:



Hypothesis H11. 

PEOU significantly influences BDA adoption.





Hypothesis H12. 

PU significantly influences BDA adoption.






2.7. The Adoption of BDA and Sustainable Business Performance


BDA technology is highly promising for organizations, especially SMEs [2,3]. The data and resulting insights are essential in corporate and strategic decision-making [3,63]. It has been believed even before the onset of BDA technology that data-driven decisions have a lasting impact on the positive performance of the organization [91]. Managers have regarded data-driven decisions positively, as they have helped them achieve the intended objectives [92]. BDA technology has presented various dynamic opportunities to organizations, especially SMEs, defined by resource constraints, to leverage their power by developing strategic frameworks to compete in the dynamic market [8]. The big data and resulting insights will be crucial for SMEs to continuously improve their products, services, and processes to maximize their perceived value in customers’ minds [93]. Further, BDA provides high probabilistic predictions of future industry and market trends that can play a critical role in realizing SMEs’ strategic objectives and long-term performance [94]. Thus, it becomes pertinent for SMEs to make a timely decision to adopt, integrate, and implement BDA technology, tools, and infrastructure to collect, store, and synthesize the insights that BDA offers [95]. Further, continuous use and experience with big data and analytics would make it easier for SMEs to leverage them to foster innovation, productivity, and organizational performance [30] continuously. Therefore, the study offers the following research hypothesis:



Hypothesis H13. 

The adoption of BDA significantly influences sustainable business performance.






2.8. Facilitating Sustainable Technology and Sustainable Business Performance


Facilitating sustainable technology (FST) can best be described as an organization’s ability to leverage the power of new technologies, such as BDA, to achieve its strategic objectives and gain a competitive advantage in the market [96]. At its core, FST shows an organization’s understanding of the power of BDA and the benefits it can bring to the organization in various aspects [96]. FST involves not only ordinary familiarity with technological trends but also in-depth understanding and assessment regarding the adoption and integration of pertinent technologies [15]. It also encompasses the understanding and evaluation of both general and specific infrastructure, tools, investment, and skills required to adopt and implement sustainable technologies [97]. Moreover, FST recognizes that technology is constantly evolving, necessitating the organization’s capacity to adapt quickly and promote creativity within this dynamic context [98]. Furthermore, FST can directly enhance organizational performance by understanding the role and power that BDA can play in leveraging the organization, its infrastructure, and other critical aspects. Therefore, the following research hypotheses are offered:



Hypothesis H14. 

FST significantly influences sustainable business performance.






2.9. The Mediation Effect of Users’ Perception of Technological and Organizational Contexts on the Adoption of Big Data Analytics


Numerous studies have shown the significance of relative advantage in facilitating technology and innovation adoption. Alam et al. [99] highlighted the significance of relative advantage and discovered that this factor has a significant relationship with the adoption of e-commerce in SMEs. Prause [100] argued that the complexity issue related to IT infrastructure must be addressed by evaluating the external organizational context to suppliers, customers, or governmental authorities in terms of efficiency gains or possible constraints from the adopted innovation. Additionally, Nasrollahi et al. [20] argued that even though the advantages of big data adoption can enhance the effectiveness of businesses and individuals, issues regarding security and privacy continue to impede its adoption. This suggests that in the adoption of big data in organizations, privacy and security monitoring methods for data administration and storage should be addressed, especially in the context of developing countries such as Saudi Arabian SMEs. Management support is crucial in SMEs. In fact, SMEs decision-makers are typically part of a top-management team, and their dedication and endorsement are crucial for the successful adoption of innovation. Attempting to identify the factors influencing big data analytics in Jordan, Lutfi et al. [19] emphasized the importance of top-management support in adopting big data. In their article from 2020, Hernandez-de-Menendez et al. [101] discussed the essential competencies required for Industry 4.0. Leader competency for Industry 4.0 requires knowledge that adds value collaboratively in various disciplinary domains. In fact, leaders in SMEs need to acquire new competencies and continually attend training programs to develop their competencies [101].



Chemjor et al. [102] conducted an explanatory research design to examine the mediation effect of PU and PEOU on the relationship between technology context and cloud computing adoption. The findings of the study have shown that PEOU and PU have an impact on the relationship between technology context and the acceptance of information technology.



Nuryyev et al. [103] extended the theoretical foundations of the TAM to examine the factors influencing the intention to adopt cryptocurrency payments among SMEs. Moreover, the study took into consideration the mediating effect of PU and PEOU and their influence on the intention to adopt cryptocurrency payment. Big data analytics can enhance the financial and market performance of Saudi SMEs effectively by having an effective combination of business talent and management skills to use data in new ways and achieve victory in the economic competition. Based on the evidence from the literature, the current study suggests the following research hypotheses:



Hypothesis H15. 

PU significantly mediates the relationship between relative advantage and big data analytics adoption in Saudi Arabian SMEs.





Hypothesis H16. 

PU significantly mediates the relationship between complexity and big data analytics adoption in Saudi Arabian SMEs.





Hypothesis H17. 

PU significantly mediates the relationship between big data security and big data analytics adoption in Saudi Arabian SMEs.





Hypothesis H18. 

PU significantly mediates the relationship between management support and big data analytics adoption in Saudi Arabian SMEs.





Hypothesis H19. 

PU significantly mediates the relationship between leadership competency and big data analytics adoption in Saudi Arabian SMEs.





Hypothesis H20. 

PEOU significantly mediates the relationship between relative advantage and big data analytics adoption in Saudi Arabian SMEs.





Hypothesis H21. 

PEOU significantly mediates the relationship between complexity and big data analytics adoption in Saudi Arabian SMEs.





Hypothesis H22. 

PEOU significantly mediates the relationship between big data security and big data analytics adoption in Saudi Arabian SMEs.





Hypothesis H23. 

PEOU significantly mediates the relationship between management support and big data analytics adoption in Saudi Arabian SMEs.





Hypothesis H24. 

PEOU significantly mediates the relationship between leadership competency and big data analytics adoption in Saudi Arabian SMEs.





The study develops a conceptual framework, as shown in Figure 3.





3. Research Methodology


3.1. Research Design


BDA provides an immense amount of opportunities for SMEs to leverage their power by enhancing customer-perceived value and organizations’ performance [2]. Thus, the purpose of this research study is to comprehensively understand the factors that foster SMEs’ adoption of BDA. By combining the insights from both technology acceptance and innovation diffusion theories, the conceptual framework has been carefully crafted [34,80]. This approach ensures that the resulting framework is comprehensive and effective in addressing the challenges at hand. Consistent with the aim, this study has employed a quantitative research design to understand the impact of technology and organizational-driven factors on the SMEs’ adoption of BDA through PEOU and PU [38]. The survey questionnaire has been used in this study as a data collection tool. As a matter of fact, the survey questionnaire approach is especially helpful in establishing a standard for the measurement of perceptions, attitudes, and behaviors, which facilitates the generalizability of results [54]. Research methodology based on survey questionnaires was employed in this study, which allowed researchers to analyze relationships between constructs and test hypotheses empirically. Studies on technology adoption have shown the effectiveness of this approach [54,82]. This study used PLS-SEM for data analysis [95].




3.2. Population and Sampling


The SMEs operating within Saudi Arabia are the population under study. We targeted SMEs’ top managers and IT experts who are responsible for undertaking big data technology adoption decisions. In fact, top managers, including CEOs, CFOs, and other senior executives, are responsible for setting strategic direction, allocating resources for technological investments, and fostering a culture that embraces digital transformation. IT experts, on the other hand, are tasked with assessing the feasibility of BDA integration, managing the implementation process, ensuring data security and training staff to effectively use the technology. Given the sizable number of SMEs, this study employed convenience sampling techniques in order to target managers who are both responsible for technology-related choices and looking to implement BDA in their organizations.



Respondents were given assurances that the research is meant for academic purposes; that their responses are not about being right or wrong, and their responses are confidential. Efforts were also made to improve the scale of the items. This was achieved by avoiding vague concepts in the questionnaire and the survey was written in simple, specific, and concise language.



The software G*power 3.1 was used to calculate the appropriate sample size for this research [94]. Four hundred (400) surveys were disseminated through several means of contact, such as emails and internal company communication platforms, social media and industry forums, to reach a diverse audience. In total, 292 responses were received (73% response rate). The returned questionnaires with incomplete or missing items were removed from the sample. The final sample size was 282 (70%). We used Google Docs to create the survey questionnaire due to its user-friendly design, easy accessibility, and powerful data management features.




3.3. Survey Instruments


The measurement scales used in the current study are modified from earlier investigations. The study includes several constructs, each of which was defined by a certain number of items taken from reputable scholarly sources. Four items are used for both RA and complexity; the first comes exclusively from Lian et al. [104], while the second comes from Chen et al. [70], Thompson et al. [105], and Agrawal [106]. MS makes use of three items cited in research by Thompson et al. [105] and Chen et al. [70]. Both PEOU and PU utilize six items, each sourced from Davis [83] and Shabbir and Gardezi [107]. The FTC includes three items sourced from Venkatesh et al. [38] and Ahmad et al. [108]. Both BDS and BDA adoption utilize two items each, the former solely from Rajan and Baral [109] and the latter combining insights from Suh and Han [110]. Lastly, there are nine items in the LC derived from the work of Compeau and Higgins [111] and Kwiotkowska et al. [112]. These constructs offer an organized method for examining BDA adoption, as do the items they are linked with, all of which have their roots in scholarly sources. The measurements of the research variables and their sources are presented in Appendix B.




3.4. Data Analysis Techniques


This study has employed the data analysis techniques of PLS-SEM using the software packages of SmartPLS 4.0 [113]. The PLS-SEM is a multiple regression technique that is being widely used by researchers within the organizational behavior, technology adoption, and management domains [114]. Moreover, PLS-SEM is a causal modeling approach and a sophisticated multivariate analysis technique that enables us to assess the complexity of the model and examine the validity of the theory using empirical models [115,116]. It is believed that the PLS-SEM method is oriented to elucidate the variance of the research model and to identify statistically significant constructs [116].



The results of PLS-SEM using SmartPLS 4.0 are generated as part of the measurement model and structural model [117,118]. The measurement model is applied to develop data and instrument reliability and validity to test the hypothesis and make predictions about the relationship enshrined in each hypothesis [117]. The structural model is applied to test the hypothesis based on the bootstrapping procedure of creating 5000 sub-samples of existing data [118].





4. Results


4.1. Demographic Information


Table 1 presents important information about the survey participants. Out of the total respondents, 64.9% are male and 35.1% are female. The data show that the majority of participants, amounting to 76.2%, hold bachelor’s degrees, which implies that a highly educated professional population took the survey. The study considered the category of the firms in the sector. The manufacturing sector constitutes 80.1% of the total respondents, while the wholesale and retail sectors comprise only 19.9%. Regarding positions, managers made up almost 79% of the participants, followed by directors, who accounted for 12.4%. The targeted firms had a minimum of 10 employees and a maximum of 250, in which small enterprises constitute 51% of the total respondents, while medium-sized enterprises comprise 49%.




4.2. Assessing Validity and Reliability


This study has employed PLS-SEM as a data analytical tool. As an analytical tool, PLS-SEM helps assess the construct’s reliability and validity [114]. The study assesses convergent validity, discriminant validity, and reliability. First, the study measures the convergent validity (factor loadings > 0.70, average variance extracted (AVE) > 0.50, and reliability (Cronbach alpha and compositive reliability > 0.70) [114,119]. When a construct strongly correlates with other measures of the same construct, it is said to have convergent validity [120]. The consistency of these measurements is referred to as reliability. According to Hair et al. [114], the items with outer loadings greater than 0.7 are typically regarded as adequate for demonstrating convergent validity. The majority of the items in the data meet this requirement, indicating strong convergent validity. Finally, Table 2 shows that factor loadings on all measurement scales are higher than 0.70. On the other hand, AVE values should be greater than 0.5, as cited in Hair et al. [117]. Convergent validity is further confirmed by all AVE values (e.g., complexity at 0.776, FTC at 0.763) above this cutoff (Table 2).



In order to be considered satisfactory for reliability, Cronbach’s alpha and composite reliability values must also be greater than 0.7 [107,109]. Having a high Cronbach’s alpha and composite reliability score indicates a high level of internal consistency and reliability. Table 2 confirms model reliability via high Cronbach’s alpha and composite reliability across constructs. Both convergent validity and reliability of the measurement model are strong. The AVE values for each construct are significantly above the 0.5 threshold, and most outer loadings are higher than the suggested threshold. Likewise, satisfactory Cronbach alpha and composite reliability values confirm the constructs’ reliability.




4.3. Discriminant Validity


This study has assessed discriminant validity, which refers to and is employed to determine that every construct is unique and measures its separate phenomena. It deploys PLS-SEM and SmartPLS 4.0 to assess discriminant validity using the heterotrait/monotrait ratio of correlations (HTMT). The HTMT helps researchers assess discriminant validity by evaluating the similarity between the construct of the conceptual model [120]. The literature suggests that an HTMT value of 0.85 can be considered as a particular construct that is significantly different and unique from others in the conceptual model [119]. The results of HTMT for this study are shown in Table 3. Given that every construct reports an HTMT value about other constructs that is less than or equal to 0.85, the results unequivocally demonstrate that each of the constructs in this study has achieved its discriminant validity.




4.4. Model Fitness


R-square (R2) refers to the determination of the predictive power of the conceptual model by assessing the extent to which each endogenous or independent variable in the study contributes variance to exogenous or dependent variables [117,119]. The literature suggests that to assess predictive power by contribution variance, the R2 measure is one of the most suitable [121,122]. Table 4 shows the R2 results, illustrating that PEOU and PU contribute to a 45.4% variance in the adoption of BDA. Further, RA, complexity, BDS, MS, and LC combined contribute a variance of 69.3% in PEOU and 62.8% in PU.



Model fitness is also defined as the ability of a conceptual model to match or fit with observable data. It assesses the degree to which the relationship between the variables in the conceptual model is well represented in the data [118]. While employing SmartPLS 4.0 software packages, this study has used standardized root mean square residual (SRMR) to gauge the model’s fitness. According to the literature, the SRMR value should be smaller than 0.08 to assume that the research model has attained fitness [123]. Given that the SRMR value is less than 0.08 (0.074) in Table 4, the findings demonstrate that the current study has reached its model fitness.



4.4.1. Structural Equation Modeling (SEM)


The structural model is the procedure in the PLS-SEM to test the hypothesis and calculate the effect size [117,119].



This study has employed the bootstrapping process by creating 5000 sub-samples to assess the research hypotheses.




4.4.2. Assessing Path Model


The study used SEM analysis to test the research hypotheses (Table 5). The study used a 5% significance level with a 95% confidence interval. The value of p should be lower than 0.05 and the t-value should be greater than +1.96. The direct effects reveal the straightforward impact of one variable on another, uninfluenced by other intervening variables (Figure 4). Moreover, we tested the variance inflation factors (VIFs), which assess the amount of multicollinearity in a set of multiple regression variables. According to Hair et al. [124], collinearity occurs when there are high correlation coefficients between two indicators. High multi-collinearity impacts the estimation of weights and their statistical significance. As recommended by Hair et al. [122] the VIF scores have to be less than 5 and even less than 3.3 in PLS. Based on the initial analysis of possible collinearity, the VIF values corresponding to the hypotheses 1, 2, 3, 4, 8, 9, 10, 11, 12, 13 and 14, which were 2.558 for H1, 1.19 for H2, 1.754 for H3, 1.683 for H4, 2.422 for H5, 2.558 for H6, 1.19 for H7, 1.754 for H8, 1.683 for H9, 2.422 for H10, 2.792 for H11, 2.792 for H12, 2.237 for H13, and 2.237 for H14 were less than 3.3. In fact, all the VIF scores ranged from 1.19 to 2.792 (refer to Table 5), which are lower than the maximum level (3.3) of VIF [107]. Thus, the collinearity was confirmed as acceptable according to Huang et al. [125].



Common method bias (CMB) was also checked to measure the constructs of the study [126]. CMB can be defined as the variance that is consistently linked to the measurement process rather than the underlying constructs being measured. CMB can lead to measurement errors and can impact the validity of the conclusions. Harman one-factor analysis was adopted to deal with the issue of CMB. No evidence of CMB was found and the result of Harman one-factor analysis was <50% (47.590%) [126,127,128].



Table 5 shows that H1: RA → PU (β = 0.127, t = 1.849, p = 0.046)—accepted, indicating a significant positive relationship between RA and PU. The findings suggest that the advantages of BDA do indeed necessarily translate to its usefulness.



H2: RA → PEOU (β = 0.071, t = 1.075, p = 0.282)—rejected, the result shows that the RA of BDA does not affect its ease of use.



H3: Complexity → PU (β = 0.108, t = 1.668, p = 0.095)—rejected, revealing insignificant relation between complexity and PU.



H4: Complexity → PEOU (β = 0.071, t = 1.257, p = 0.209)—rejected, suggesting that BDA systems are not difficult to be understood and used for SMES.



H5: BDS → PU (β = 0.243, t = 4.562, p = 0.000)—accepted, highlighting the significant impact of BDS on the PU of BDA.



H6: BDS → PEOU (β = 0.190, t = 3.842, p = 0.001)—also accepted, this result underscores the importance of BDS in influencing PEOU.



H7: MS → PU (β = 0.391, t = 6.112, p = 0.000)—accepted, the acceptance of this hypothesis indicates a strong positive relationship between MS and PU of BDA.



H8: MS → PEOU (β = 0.429, t = 8.264, p = 0.000)—accepted, showing that MS greatly influences the PEOU.



H9: LC → PU (β = 0.097, t = 0.995, p = 0.340)—rejected, the rejection of this hypothesis indicates insignificant relationship between LC and PU of BDA.



H10: LC → PEOU (β = 0.243, t =4.047, p = 0.000)—accepted, showing that LC greatly influences the PEOU.



H11: PEOU → BDA adoption (β = 0.583, t = 6.555, p = 0.000)—accepted, the acceptance of this hypothesis indicates a strong positive relationship between PEOU and the adoption of BDA



H12: PU → BDA Adoption (β = 0.110, t = 1.007, p = 0.314)—rejected, suggesting that insignificant relationship between PU and the adoption of BDA



H13: BDA Adoption → Sustainable Business Performance (β = 0.284, t = 3.896, p = 0.000)—accepted, the acceptance of this hypothesis indicates a strong positive relationship between the adoption of BDA and the achievement of sustainable business performance.



H14: FST → Sustainable Business Performance (β = 0.531, t = 7.55, p = 0.000)—accepted, the acceptance of this hypothesis indicates a strong positive relationship between the use of facilitating sustainable technology and sustainable business performance



Mediating effects demonstrate how a certain variable can impact another variable by introducing an intervening variable. In our study, the hypotheses from H15 to H24 attempt to outline these effects. H16, which explores the influence of complexity on the adoption of BDA and sustainable business performance through PU, does not seem statistically significant. The corresponding values of β-value (0.012) and p-value (0.180), validate this lack of significance. Similarly, H20 and H21, which observe the mediating role of PEOU in the relationship between relative advantage and complexity and the adoption of BDA, also appeared insignificant, as supported by the corresponding β-values, t-values, and p-values. H15, H17, H18, and H19 which explore the influence of relative advantage, big data security, management support and leadership competency on the adoption of BDA and sustainable business performance through PU was statistically significant. Their corresponding values, such as the t-values (2.236 to 3.143) and p-values (ranging from 0.002 to 0.025), validate this strong significance. Finally, H22, H23, and H24, which observe the mediating role of PEOU in the relationship between big data security, management support and leadership competency and the adoption of BDA, also appeared significant as supported by the corresponding β-values, t-values, and p-values.



Collectively, these results offer a complete understanding of the various factors that influence the adoption of BDA, highlighting the complex interplay between technological attributes, organizational support, and individual perceptions. Figure 4 shows the structural equation modeling (SEM) model.






5. Discussion


BDA technology allows SMEs to boost their ability to compete while gaining an edge over their competitors [3]. This powerful instrument allows SMEs to gain extensive knowledge of customer demands and preferences [2], allowing them to produce goods and services that fit their requirements and tastes successfully. Furthermore, BDA technology may help SMEs use this knowledge for development [8], which is becoming more essential for competing in the modern, rapidly evolving digitalized environment [3]. Given the various benefits and effectiveness of BDA, there is still some concern about its adoption by SMEs [1]. This study has theorized, based on the TAM and TOE [38], that SMEs can adopt BDA based on PEOU and PU [83].



This study’s results support previous findings, revealing several noteworthy similarities and differences. First off, Davis’ [83] TAM—which emphasizes PEOU as an important factor in technology adoption—aligns with RA, BDS, and MS as significant factors in the adoption of BDA. The research by Coleman et al. [3], Sen et al. [2], and Surbakti et al. [72] demonstrate this correlation, highlighting the importance of these factors in SMEs’ decision-making processes regarding adopting BDA.



In the Saudi context, where Vision 2030 aims to diversify the economy and stimulate SME growth, the role of BDA emerges as a critical enabler of innovation and competitiveness. The significant impact of management support (MS) on the perceived usefulness and ease of use of BDA emphasizes the importance of leadership commitment to technology adoption, aligning with Alshamaila et al.’s [4] findings that managerial attitudes significantly influence organizational readiness for technology adoption. Moreover, the positive relationship between big data security (BDS) and both the perceived usefulness and ease of use of BDA highlights the importance of increased awareness among Saudi SMEs in terms of data integrity and security. This concern is particularly relevant in the Saudi market, where the increasing digitalization of business operations heightens the risks associated with data breaches [129].



The study findings indicate that relative advantage does not influence perceived ease of usage. This finding contradicts with Chen et al.’s [70] study, which identified a correlation between perceived ease of use and relative advantage. Indeed, technological innovations possess distinct competitive advantages that may not be universally applicable. Furthermore, the rate of technological diffusion and integration, the quality of available skills, and the quality of infrastructure vary significantly amongst different societies. Therefore, the availability of these factors determines the advantage of a particular innovation. Complexity was not a significant determinant and was not related to PU and PEOU. SMEs did not perceive big data as being challenging to comprehend and utilize. This supports the findings of other research, such as that conducted by Prause [100], highlighting the necessity of having strong management support for adoption intention in the long term.



The study’s conclusions regarding the impact of leadership competency (LC) on BDA adoption are consistent with the multi-level analysis conducted by Abrell-Vogel and Rowold [75], which highlights leadership’s crucial role in the ease of technological implementation in organizations. In fact, appointing leaders who are receptive to innovation, knowledgeable about current technological trends, and able to champion the use of technology is crucial [6,72]. It is worth noting that leadership is undoubtedly fundamental in driving the implementation of BDA and promoting its adoption. Moreover, leaders who possess the necessary skills and knowledge are better positioned to influence, motivate, and guide their teams toward embracing new technologies. The strong beta value and the highly significant p-value of leadership competence on PEOU highlight the importance of competent leaders in successfully implementing and utilizing BDA within organizations.



The effect of FST on sustainable business performance was statistically significant. This is consistent with the study of Akter et al. [15] who found that successful implementation of innovations enables organizations to achieve a sustainable competitive advantage and business performance. Finally, the study affirms the importance of considering user factors in the adoption of technology by recognizing the impacts of PEOU and PU on BDA adoption. These findings align with the results of Grover et al. [79] and Davis [85].



The study found that user perceptions specifically perceived usefulness (PU) and perceived ease of use (PEOU) act as a mediator in the relationship between big data security and adoption of BDA. In fact, when it comes to technology, especially digital or online platforms, security is a critical aspect that affects users’ trust and willingness to adopt and use the technology. Small- and medium-sized enterprises must implement robust security measures, maintain transparent communication about data protection procedures, and continuously educate users about the BDA’s security features. Indeed, by building trust and addressing security concerns, SMEs can improve user perception and ultimately boost adoption rates. In conclusion, understanding the mediating role of user perception can assist organizations and developers in identifying barriers to adoption and formulating strategies to address them. By focusing on improving user perception through efficient communication, training, and user experience design, SMES can boost the likelihood of successful adoption and usage of BDA [83].



5.1. Theoretical Implications


This research study offers three critical implications for the theory and model of technology adoption. First, it provides a comprehensive and practical set of factors overlooked in the broader literature impacting the adoption of BDA. These factors include RA, complexity, BDS MS, and LC. Second, this study contributes to the theory by building an understanding that technology should be accessible and easier to understand, as SMEs may be constrained by resource and performance pressure. Finally, it offers important implications for developing empirical evidence from the much-ignored organizational setting of Saudi Arabia. The evidence and findings indicate that the factors discussed in the discussion section have an impact on the adoption of BDA technology. This impact can be attributed to the nascent development of SMEs in Saudi Arabia, as they can play an important role in enhancing the sustainability of Saudi Arabia’s economy.




5.2. Managerial Implications


This study offers three important implications for managers interested in adopting BDA at their respective SMEs. First, SME managers should prioritize developing interactive, user-friendly interfaces and thorough training programs to deconstruct the complexity of these technologies and guarantee that employees can use technology effectively. Second, managers must promote these technologies within the organization by fostering a culture prioritizing data-driven decision-making. This requires leadership advocacy as well as active MS. By addressing these issues, BDA technology integration into SME operations may be significantly improved, promoting innovation and competitiveness within the industry.



The conclusions of this study have many significant managerial ramifications for SMEs considering implementing BDA. First, the importance of RA, BDS, LC, and MS in shaping the adoption choice emphasizes managers’ need to pay close attention to these aspects. It is possible to increase these systems’ PEOU and PU, increasing the likelihood of adoption by highlighting the simplification of BDA processes and guaranteeing strong security measures. Furthermore, adopting BDA can help organizations stand out among competitors and realize their strategic vision more effectively. In addition, a strong MS is crucial to providing the required resources and cultivating a culture that recognizes and appreciates the advantages of BDA. This involves investing in education and training to raise staff members’ proficiency with BDA technologies.



Moreover, it is believed that leadership holds a significant role in BDA adoption and SME managers should balance focusing on the technical and functional aspects of BDA tools and their emphasis on leadership. Furthermore, managers should prioritize user experiences when designing and implementing BDA systems, as PEOU and PU directly impact adopters’ intentions. To summarize, a comprehensive approach that integrates robust MS, user-centric tool design, and a focus on security and simplicity is advised for successfully adopting BDA in SMEs.




5.3. Limitations and Future Directions


Although our research offers an insightful discussion and managerial and theoretical implications for adopting BDA, several limitations should be considered. First, the influence of FST on business performance suggests a special dynamic in the context of BDA adoption by SMEs that merits more investigation. In fact, sustainable technologies in information technology and systems, such as green technologies and Industry 4.0 innovations, can improve the adoption and use of BDA. Indeed, by developing sustainable technologies, organizations can increase efficiency, sustain competitive advantage, enhance business processes, and improve customer experiences. Furthermore, looking at potential moderating factors, such as organizational culture, organizational structures, or industry type, might deepen our research and provide a complete understanding of the difficulties associated with technology adoption in the SME sector. These limitations highlight the need for a greater study to improve our theories and models, ensuring a more nuanced understanding of the variables influencing SMEs’ decisions to use BDA technologies. AI and the IoT are disruptive technologies that can help SMEs gain a competitive edge and improve business performance. Future studies should explore their potential.





6. Conclusions


BDA is a technology that offers benefits to SMEs. By integrating BDA technologies, SMEs can unlock innovation, competitiveness, and sustainability in terms of performance. These technologies allow SMEs to gain insights from data, enabling them to understand consumer behaviors and market trends effectively. Moreover, BDA empowers SMEs with the tools to sharpen their edge by adapting to market changes, anticipating customer needs, and personalizing their services. In today’s changing business landscape, the ability to innovate and adapt is crucial for SMEs’ success. Using BDA, SMEs can enhance their competitiveness and ensure their long-term viability as agile market leaders. Leveraging this transformative technology not only improves performance but also helps SMEs overcome obstacles, seize opportunities, and navigate a path toward growth and prosperity.



This study examined the important aspects of the SMEs’ BDA adoption and integrated it into their business operations. Further, this study has also found that factors such as RA, LC, MS, and BDS are key factors that yield SMEs’ PEOU and PU. The complexity of these technologies, which includes elaborate algorithms and enormous databases, has emerged as a key determinant. Their usability is significantly impacted by how accessible and understandable they are to the SMEs.
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Abbreviations




	BDA
	Big Data Analytics



	BDS
	Big Data Security



	DIT
	Diffusion of Innovation Theory



	HTMT
	Heterotrait–monotrait



	LC
	Leadership Competency



	MS
	Management Support



	PEOU
	Perceived Ease of Use



	PU
	Perceived Usefulness



	RA
	Relative Advantage



	SMEs
	Small- and Medium-sized Enterprises



	TAM
	Technology Acceptance Model



	TOE
	Technology–Organization–Environment (TOE)



	RBV
	Resource-Based View



	DOI
	Diffusion of Innovation








Appendix A. Summarizes Prior Theoretical Models Pertaining to SMEs in Developing Countries




	Study
	Underlining Theories
	Sample



	Maroufkhani et al. [8]
	The technology–organization–environment (TOE) model
	SMEs in China



	Perdana et al. [11]
	resource-based view (RBV)
	SMEs in Singapore



	Maroufkhani et al. [41]
	TOE model and RBV
	SMEs in Iran



	Bhardwaj et al. [42]
	Technology Acceptance Model (TAM), Diffusion of Innovation (DOI), and TOE.
	SMEs in India



	Atan and Mahmood [130]
	DOI, TOE, and the dynamic capabilities theory
	Malaysian SMEs



	Al-Azzam et al. [131]
	TAM
	SMEs in Jordan



	Trường [132]
	TOE and TAM
	SMEs in Vietnam







Appendix B. Measurement of Research Variables




	
Variable

	
Measures

	
Source




	
Relative Advantage

	
RAA1

	
My organization expects big data analytics to help in reducing costs.

	
Lian et al. [104]




	
RAA2

	
My organization expects big data analytics to help in quick real-time data capturing and analysis.




	
RAA3

	
My organization expects big data analytics to help reduce paperwork.




	
RAA4

	
My organization expects big data analytics help in achieving organizational excellence.




	
Complexity

	
COM1

	
My organization believes that big data analytic is complex to use.

	
Chen et al. [70], Thompson et al. [105], Agrawal [106]




	
COM2

	
My organization believes that big data analytic adoption is a complex process.




	
COM3

	
The adoption of data analytic requires continuous evaluation and adjustment




	
COM4

	
The adoption of data analytic is long process that requires change management.




	
Big Data Security

	
BDS1

	
My organization has already introduced and adopted big data analytics

	
Suh and Han [110]




	
BDS2

	
My organization intends to use big data analytics




	
Management Support

	
MS1

	
Top management promotes the use of big data analytics

	
[70,105]




	
MS2

	
Top management creates support for big data analytics initiatives within the organization.




	
MS3

	
Top management promotes big data analytics as a strategic priority within the organization




	
Leadership competency

	
LC1

	
Our leaders are imaginative and innovative in all aspects of one’s work.

	
Compeau and Higgins [111,112]




	
LC2

	
Our leaders implement standardized procedures to ensure the continued use of big data analytics.




	
LC3

	
Our leaders have clear vision of the future direction of the organization to meet business priorities.




	
LC4

	
Our leaders make sound judgments and decisions based on reasonable assumptions and factual information




	
LC5

	
Our leaders see the wider issues and broader implications.




	
LC6

	
Our leaders identify opportunities and threats




	
LC7

	
Our leaders plan ahead, organize all resources, and coordinate them efficiently and effectively.




	
LC8

	
Our leaders encourage problem solving, innovative ideas and proposals.




	
LC9

	
Our leaders have significant impact on increasing profitability in enterprise




	
Facilitating sustainable technology

	
FC1

	
We manufacture with advanced sustainable technologies

	
Current study, Venkatesh et al. [38], Ahmad et al. [108]




	
FC2

	
We have more skillful technical workers and operational workers




	
FC3

	
We cooperate with stakeholders (suppliers/customer) to develop sustainable technologies




	
Perceived Ease of Use

	
PEOU1

	
Learning to use big data analytics would be easy.

	
Davis et al. [83], Shabbir and Gardezi [107]




	
PEOU2

	
It is easy to get big data analytics to do what we want them to do.




	
PEOU3

	
The interaction with big data analytics would be clear and understandable.




	
PEOU4

	
Big data analytics would be flexible to interact with.




	
PEOU5

	
Big data analytics are easy to use.




	
PEOU6

	
It would be easy for me to become skillful at using big data analytics.




	
Perceived Usefulness

	
PU1

	
Using big data analytics would allow us to accomplish our work more quickly.




	
PU2

	
Using big data analytics would improve business.performance.




	
PU3

	
Using big data analytics would increase employees’ productivity.




	
PU4

	
Using big data analytics would improve the effectiveness of the business.




	
PU5

	
Using big data analytics would help in understanding the needs of our customer.




	
PU6

	
Big data analytics are useful in monitoring of business process.




	
Big data Adoption

	
IU1

	
My organization has already introduced and adopted big data analytics

	
Rajan and Baral [109]




	
IU2

	
My organization intends to use big data analytics




	
Sustainable Business Performance

	
PER1

	
Return on investment of our organization increased.

	
Haseeb et al. [133], Zulkiffli et al. [134]




	
PER2

	
Profitability growth has been outstanding.




	
PER3

	
Overall financial performance has exceeded competitors.
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Figure 1. The 10V’s of big data [22]. 
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Figure 2. SMEs size in Saudi Arabia (Source: current study). 
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Figure 3. Conceptual framework. 
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Figure 4. Structural equation modeling (SEM). 






Figure 4. Structural equation modeling (SEM).
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Table 1. Demographic information.
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Variables

	
Categories

	
Frequency

	
Percent

	
Valid Percent

	
Cumulative Percent






	
Gender

	
Male

	
183

	
64.9

	
64.9

	
64.9




	
Female

	
99

	
35.1

	
35.1

	
100.0




	
Position

	
IT Expert

	
25

	
8.9

	
8.9

	
8.9




	
Director/Dept. head

	
35

	
12.4

	
12.4

	
21.3




	
Manager

	
222

	
78.7

	
78.7

	
100.0




	
Industry

	
Manufacturing

	
226

	
80.1

	
80.1

	
80.1




	
wholesale and retail

	
56

	
19.9

	
19.9

	
100.0




	
Education

	
Associate degree

	
21

	
7.4

	
7.4

	
7.4




	
Bachelor’s Degree

	
215

	
76.2

	
76.2

	
83.7




	
Higher degree (master/doctor degree)

	
46

	
16.3

	
16.3

	
100.0




	
Size

	
Small enterprises (10–49 employees)

	
144

	
51.1

	
51.1

	
51.1




	
Medium-sized enterprises (50–250 employees)

	
138

	
48.9

	
48.9

	
100











 





Table 2. Construct reliability and validity.
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Constructs

	
Items

	
Factor Loadings

	
Cronbach Alpha

	
Composite Reliability

	
AVE






	
Relative Advantage (RAA)

	
RAA1

	
0.896

	
0.872

	
0.912

	
0.723




	
RAA2

	
0.902




	
RAA3

	
0.886




	
RAA4

	
0.702




	
Complexity (COM)

	
COM1

	
0.889

	
0.903

	
0.933

	
0.776




	
COM2

	
0.927




	
COM3

	
0.888




	
COM4

	
0.816




	
Big data Security (BDS)

	
BDS1

	
0.937

	
0.859

	
0.934

	
0.876




	
BDS2

	
0.936




	
Management Support (MS)

	
MS1

	
0.869

	
0.847

	
0.907

	
0.766




	
MS2

	
0.902




	
MS3

	
0.853




	
Leadership competency (LC)

	
LC1

	
0.731

	
0.950

	
0.958

	
0.717




	
LC2

	
0.896




	
LC3

	
0.873




	
LC4

	
0.889




	
LC5

	
0.893




	
LC6

	
0.821




	
LC7

	
0.815




	
LC8

	
0.883




	
LC9

	
0.807




	
Perceived usefulness (PU)

	
PU1

	
0.806

	
0.915

	
0.934

	
0.701




	
PU2

	
0.847




	
PU3

	
0.857




	
PU4

	
0.843




	
PU5

	
0.838




	
PU6

	
0.833




	
Perceived Ease of Use (PEOU)

	
PEOU1

	
0.855

	
0.924

	
0.941

	
0.727




	
PEOU2

	
0.800




	
PEOU3

	
0.900




	
PEOU4

	
0.895




	
PEOU5

	
0.836




	
PEOU6

	
0.824




	
Facilitating sustainable technology (FC)

	
FC1

	
0.884

	
0.845

	
0.906

	
0.763




	
FC2

	
0.888




	
FC3

	
0.850




	
Big Data Analytics Adoption (IU)

	
IU1

	
0.895

	
0.740

	
0.885

	
0.793




	
IU2

	
0.887




	
Sustainable Business Performance (PER)

	
PER1

	
0.813

	
0.829

	
0.838

	
0.746




	
PER2

	
0.905




	
PER3

	
0.871











 





Table 3. HTMT ratio.
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	Constructs
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10





	
	
IU





	
	
	
	
	
	
	
	
	
	



	
	2.

	
BDS






	0.788
	
	
	
	
	
	
	
	
	



	
	3.

	
COM






	0.575
	0.484
	
	
	
	
	
	
	
	



	
	4.

	
FC






	0.811
	0.795
	0.693
	
	
	
	
	
	
	



	
	5.

	
LC






	0.785
	0.595
	0.804
	0.766
	
	
	
	
	
	



	
	6.

	
MS






	0.751
	0.601
	0.570
	0.759
	0.632
	
	
	
	
	



	
	7.

	
PEOU






	0.810
	0.694
	0.653
	0.774
	0.734
	0.834
	
	
	
	



	
	8.

	
PER






	0.861
	0.783
	0.622
	0.580
	0.765
	0.707
	0.811
	
	
	



	
	9.

	
RAA






	0.759
	0.696
	0.847
	0.787
	0.782
	0.634
	0.711
	0.807
	
	



	
	10.

	
PU






	0.696
	0.705
	0.630
	0.777
	0.664
	0.782
	0.871
	0.755
	0.707
	










 





Table 4. R-square results.
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Constructs

	
R2

	
R2 Adjusted

	
SRMR (Estimated Model)






	
BDA Adoption

	
0.455

	
0.451

	
0.074




	
Perceived ease of use

	
0.693

	
0.687




	
Perceived usefulness

	
0.628

	
0.621




	
Sustainable Business Performance

	
0.558

	
0.555











 





Table 5. Direct and mediating effects.
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Effects

	
Direct Effects

	
Mediating Effects

	
VIF

	
t-Value

	
p-Value

	
Decision




	
Beta Value

	
Beta Value






	
H1: RA → PU

	
0.127

	

	
2.558

	
1.849

	
0.046

	
Accepted




	
H2: RA → PEOU

	
0.071

	

	
1.19

	
1.075

	
0.282

	
Rejected




	
H3: Complexity → PU

	
0.108

	

	
1.754

	
1.668

	
0.095

	
Rejected




	
H4: Complexity → PEOU

	
0.071

	

	
1.683

	
1.257

	
0.209

	
Rejected




	
H5: BDS → PU

	
0.243

	

	
2.422

	
4.562

	
0.000

	
Accepted




	
H6: BDS → PEOU

	
0.190

	

	
2.558

	
3.842

	
0.000

	
Accepted




	
H7: MS → PU

	
0.391

	

	
1.19

	
6.112

	
0.000

	
Accepted




	
H8: MS → PEOU

	
0.429

	

	
1.754

	
8.264

	
0.000

	
Accepted




	
H9: LC → PU

	
0.097

	

	
1.683

	
0.955

	
0.340

	
Rejected




	
H10: LC → PEOU

	
0.243

	

	
2.422

	
4.047

	
0.000

	
Accepted




	
H11: PEOU → BDA adoption

	
0.583

	

	
2.792

	
6.555

	
0.000

	
Accepted




	
H12: PU → BDA Adoption

	
0.110

	

	
2.792

	
1.007

	
0.314

	
Rejected




	
H13: BDA Adoption → Sustainable Business Performance

	
0.284

	

	
2.237

	
3.896

	
0.000

	
Accepted




	
H14: FST → Sustainable Business Performance

	
0.531

	

	
2.237

	
7.55

	
0.000

	
Accepted




	
H15: RA → PU → BDA Adoption→Sustainable Business Performance

	

	
0.08

	

	
2.252

	
0.024

	
Mediation exists




	
H16: Complexity → PU → BDA Adoption→Sustainable Business Performance

	

	
0.012

	

	
1.34

	
0.180

	
No mediation




	
H17: BDS → PU → BDA Adoption → Sustainable Business Performance

	

	
0.036

	

	
2.468

	
0.014

	
Mediation exists




	
H18: management support → PU → BDA Adoption → Sustainable Business Performance

	

	
0.083

	

	
3.143

	
0.002

	
Mediation exists




	
H19: leadership competency → PU → BDA Adoption → Sustainable Business Performance

	

	
0.049

	

	
2.236

	
0.025

	
Mediation exists




	
H20: RA→PEOU → BDA Adoption → Sustainable Business Performance

	

	
0.063

	

	
1.696

	
0.090

	
No mediation




	
H21: Complexity → PEOU → BDA Adoption → Sustainable Business Performance

	

	
0.011

	

	
1.422

	
0.155

	
No mediation




	
H22: BDS → PEOU→BDA Adoption→Sustainable Business Performance

	

	
0.104

	

	
2.709

	
0.007

	
Mediation exists




	
H23: management support → PEOU → BDA Adoption → Sustainable Business Performance

	

	
0.069

	

	
3.806

	
0.000

	
Mediation exists




	
H24: leadership competency → PEOU → BDA Adoption → Sustainable Business Performance

	

	
0.041

	

	
2.486

	
0.013

	
Mediation exists
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