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Abstract

:

Both Internet of Things (IoT) and Big Data Analytics (BDA) are innovations that already caused a significant disruption having a major impact on organizations. To reduce the attrition of new technology implementation, it is critical to examine the advantages of BDA and the determinants that have a detrimental or positive impact on users’ attitudes toward information systems. This article aims to evaluate the intention to use and the perceived benefits of BDA systems and IoT in the telecommunication industry. The research is based on the Technology Acceptance Model (TAM). Data were collected by 172 users and analyzed using Multivariate Regression Analysis. From our findings, we may draw some important lessons about how to increase the adoption of new technology and conventional practices while also considering a variety of diverse aspects. Users will probably use both systems if they think they will be valuable and easy to use. Regarding BDA, the good quality of data helps users see the system’s benefits, while regarding IoT, the high quality of the services is the most important thing.
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1. Introduction


The usage of advanced digital technologies such as Internet of Things (IoT) and Big Data Analytics (BDA) will strengthen productivity, improve efficiency, and create new prospects for organizations in all areas, which are vital for economic recovery [1]. For example, using large amounts of data in combination with Artificial Intelligence (AI) methods such as machine learning and data mining to optimize business processes is an appropriate way to transform data into value. Most organizations struggle to achieve consistency in their repeated processes, and this is particularly true for industrial production processes [2,3].



Both IoT and Big Data are two innovations that have already caused a significant disruption in the business world, having a significant effect on existing strategies and business models of organizations [4,5,6]. Organizational change in enterprises is important. The continuous process of change caused by the adoption of the IoT as well as Big Data in every field of activity, such as in telecommunications [7], has a growing influence on the way organizations and businesses as a whole conduct their operations [8]. They are playing significant role in the growth of new business ecosystems, models, and markets [9].



At first glance, BDA and IoT appear to have a lot of similarities. These technologies are, in fact, interdependent because they collect and analyze a large amount of data to extract information. When firms can combine both, they complement each other. To begin, based on a data source standpoint, IoT transforms everyday “objects” into smart things by aggregating data from several sensors. When this data is joined with data from other sources, it creates a powerful combination (type) that can become big data and necessitates a large amount of processing power (velocity). Second, IoT analytics examines behaviors of the individual, whereas BDA looks for trends in data among many cases in order to make generalizations about unexplainable results. The conclusions are basic and comprehensible because they are founded on a person’s unique data history. IoT analytics have to combine real-time streaming data management, analytics, and decisions [10]. Organizations that do not invest in sufficient resources and capabilities to use BDA and IoT will face challenges in creating business value and surviving the Big Data revolution [11]. As a result, managers and scholars must examine how to maximize BDA systems and IoT and use them to gain a competitive advantage [12].



The Internet of Things (IoT) and Big Data Analytics (BDA) are two of the most significant shifts in technology today. Industry-specific IoT services are becoming more prevalent on a worldwide basis as more and more businesses are embracing IoT methods for generating valuable information for their businesses. In order to reap the benefits of BDA and IoT, managers and analysts must be aware of how these technologies can be used to their advantage [10,12]. The lack of literature on BDA and IoT use and impact on enterprises is limiting our present understanding of these technologies [4]. Many researchers have tried to examine how new information systems are used and adopted [13,14,15,16,17]. Some models and theories do not explain why a particular information system is accepted or not [18]. To reduce the attrition of new technology implementation, it is critical to examine the advantages of BDA and the determinants that influence one’s attitude, whether it is bad or good toward information systems [19]. Employee dissatisfaction may be the root of resistance to new information systems such as BDA that can negatively influence firm performance [20].



This article aims to evaluate the intention to use and the perceived benefits of BDA systems and IoT in the telecommunication industry. The research is based on the Technology Acceptance Model (TAM). Data was collected by 172 users and analyzed using Multivariate Regression Analysis.



The structure of the article is the following. The theoretical background on IoT and BDA is represented in Section 2. The methodology is described in Section 3, while Section 4 presents the analysis of the findings. Section 5 discusses the outcomes, limitations, and future research directions.




2. Theoretical Background


2.1. Internet of Things


Because the IoT is still a relatively recent development, few studies focus on IoT’s behavioral and managerial concerns. In this regard, businesses struggle to comprehend the drivers of IoT capabilities and their implications for competitive advantages [12,21,22]. IoT analytics and traditional big data are vastly different in many ways, so a thorough examination of these differences is critical.



Some of the important features that stand out in this technological innovation include the dynamic network, the interconnection, the global infrastructure, and the interaction between people and things and the dispersed existence of interconnected, uniquely identified objects [23]. The purpose of the IoT is to enable the efficient real-time exchange of information between autonomous network operators.



Objects in a future world will be able to be defined, accessed, and checked over the Internet [24]. A digital shadow of these objects will be kept in cyberspace, which will make it easier for humans and objects or machines to communicate and interact with each other. Objects interact with computers and humans do not participate, enabling the Internet to be more ubiquitous and interactive than ever before. This makes the world more connected, which makes it easier to recognize, track, monitor, and manage things in real-time, as well as to keep an eye on them. Physical things can be connected to be used to interact with the world around them.




2.2. Big Data Analytics


Through the focused development of BDA, companies are able to perceive emerging opportunities and threats, build critical thinking, and adapt their activities based on trends observed in the competitive environment. As a result, the main competitive differentiation provided by BDA is that they facilitate decision making with the suitable information they offer [11,25].



Managers are relying more and more on real-time data generated by large amounts of data and steering an increasing number of initiatives in this direction [26]. Several researchers indicate that the analysis of large amounts of data, when applied to problems in specific sectors such as healthcare, supply chain, services, and marketing, can provide considerable value [27]. The analysis of big data may also be a source of innovation, with those companies that are pioneers in their adoption offering new services and products in contrast with those that have not made such an investment.



However, the acquisition of value by BDA is the result of the focused diffusion of these technologies into an organization’s operations and therefore requires the development of a data-intensive operational analytics capability [25].



Recent studies agree that firm performance is affected by BDA. For example, Mikalef et al. (2018) [28] noticed that a firm’s marketing strategy and its capacity to adapt quickly in shaping new strategies are affected by Big Data Analytics Capabilities. Scholars examined the way data about customers could improve an organization’s performance. On the other hand, Mikalef et al. (2018) [28] and Amado et al. (2018) [29] highlighted that supply chains can have significant benefits from BDA. In this view, Wang et al. (2018) [30,31,32] noticed that the internal processes and functions of organizations as well as the effectiveness of an organization are improved through BDA.



However, Ghasemaghaei (2021) [33] noted that while the processing of several data based on different sources creates valuable knowledge in economic terms, focusing simply on rapid data processing or huge amount of data does not always result in financial gains for businesses. It is crucial for executives to be informed the value and quality of BDA as critical strategic goals to increase business performance [25].




2.3. An Extension of the Technology Acceptance Model


2.3.1. Data Quality


According to Steininger et al. (2022) [34], new possibilities emerge in a dynamic way when processes that record the experience accumulated (in an organization) are implemented and capture it in knowledge [35]. Indeed, BDA and IoT are considered a valuable element of knowledge [36]. Nevertheless, they add value to the organization if the data have certain quality characteristics [7,37]. The decision-making process will be improved using BDA systems and IoT with qualitative data. In addition, if people did not have to spend so much time checking and fixing their data, they could focus on their primary business or job.



On several occasions, data must be compatible with specific regulatory frameworks, and this is ensured by high-quality data. Additionally, BDA systems are very useful tools for many departments of a company. Thus, any of the features offered by the tools of BDA systems as well as the IoT should not be compromised by quality of data [37].



The evaluation of data quality is an important feedback mechanism for improving BDA and IoT tools and the optimization of decision-making processes at different levels may affect the performance of the company [38]. Companies should take data into consideration as a valuable resource and invest in their management to maintain their quality and to obtain valuable information that can increase the competitive advantage.



High-quality data are a prerequisite for both the implementation of BDA and IoT and for ensuring data quality. For example, completeness, format, accuracy, and currency are all examples of attributes that can be used to describe the quality of data. Completeness indicates “the extent to which the system gives all relevant data” [39]. A user’s perception of correctness is called accuracy [39]. Currency and format are two terms used to describe “the user’s perception of how well data are represented and are updated” [39].




2.3.2. System Quality


The quality of the system is relevant to the data quality, which is processed by the system [40]. Furthermore, the quality of the system evaluates the extent to which the system is technically even [41], and it is evaluated by features such as flexibility, complexity, system features, functionality, system accuracy, and system integration [42]. It is necessary to develop and implement well-designed systems to obtain benefits for organization such as cost reduction, improved process efficiency, and increased revenues. A poorly designed system, on the other hand, may harm business operations and raise product costs for an organization [40].



Most of the time, whether or not to use a new system will depend on its features. The important features of a system will be disseminated as a technology advantage from one user to another, as a result of which increases a common belief for the benefits of systems of BDA and IoT [43]. The ability to affect the behavioral intention of using a system depends on factors such as the accuracy and frequency of information, as well as the amount of data quality [44]. The BDA characteristics of a system will affect the common belief in the advantages of BDA. This effect on the common belief will affect the perceived usefulness and perceived ease of use of BDA, which will impact the attitude and the intent of use and implementation of BDA [43,44].



Jayakrishnan et al. (2018) [45] conducted a survey to understand business intelligence (BI) and BDA for the development of advanced management performance strategies. The researchers concluded that a combination of BDA and BI contributes to the creation of understanding how decisions are made by organizations.



Ghasemaghaei et al. (2018) [46] highlighted that the dimensions of data analysis significantly improved the quality of the decisions, regardless of the volume of data to be analyzed. Another survey that aimed to investigate the performance of management in a company concluded that the quality of data directly increases the overall strategic performance of the company [47]. Furthermore, Ghouchani et al. (2019) [48] noticed that the quality and security of IoT tools as well as users’ knowledge of Information Technology (IT) have a positive impact on the development of e-Business.



Talent, IT awareness, and data quality are important but also determinant factors of the quality of BDA that results in the development of a company’s overall performance strategy. The ability to analyze large amounts of data directly affects a business’s overall performance in the current digital era [49].



IoT has been found to be an important tool for implementing ongoing process improvement programs that influence firm performance. At the same time, it was emphasized that improving the quality of data over time directly adds value to the business [4].




2.3.3. Perceived Usefulness


Perceived usefulness is related to the degree to which a user believes that a system will support them to perform their job better. Many researchers have concluded that perceived usefulness influences a user’s intention to adopt it [50,51,52]. Perceived usefulness can be defined as the most crucial determinant in accepting a new system [51,52]. Based on other studies, it is more important to think about the perceived usefulness of a system than to think about how easy it is to use [51]. If business executives and managers realize that using a new system is almost certain to improve work efficiency and productivity, it would have a good effect on the attitude and intention to adopt the system.




2.3.4. Perceived Ease of Use


The relationship between perceived ease of use and the intention to adopt a system has been evaluated in many papers [53,54]. In many studies, perceived ease of use has both direct and indirect implications on the intention to adopt a system [53]. On the other hand, some researchers have concluded that perceived ease of use does not directly influence the intention to adopt a system [18]. The immediate findings conclude that the perceived ease of use could affect a user’s attitude about the adoption of a system regardless of the usefulness of the system. Due to this, people are more likely to see new technology as more valuable if they think it is easy to use. A more optimistic outlook and an intention to use innovation will result from this [55].




2.3.5. Intention to Use Technologies


According to Levy et al. (2021) [56], subjective rules and behaviors are used to determine whether or not an individual intends to engage in a particular type of conduct. In the Theory of Reasoned Action (TRA) model, attitude is defined as the sense of affection or disagreement for particular objects [56]. It is a person’s level of interest in a technology that determines their level of behavioral intention. As suggested by Sabani (2020) [40], a user’s attitude about a system is a significant factor of dependence on other determinants in user’s intention. Several researchers have highlighted the positive effect between the attitude for using a system and the user’s intention [57].



Previous studies suggested that perceived volunteerism is crucial for the acceptance and usage of a technology [58]. In addition, the compulsory usage of a technology is almost certain to take the lead at corporate advantages, assuring improved performance. The value of a system can also be found in its efficient use [59]. Executives might positively impact the process if they feel in charge of the results [43]. If BDA systems or IoT are required, there will be variations in users’ intentions [60]. It is crucial to evaluate the behavioral intention of using the systems even when the use may be mandatory.




2.3.6. Perceived Benefits of Technologies


Every business is interested in having a competitive advantage over its competitors [61]. One of the most critical factors of competitive advantage is the strategic performance of a business [27]. The competitive advantage is the synthesis of qualitative and quantitative dimensions such as strategic and economic performance.



Table 1 presents the relationship between the variables under investigation based on the existing literature.



According to the existing literature, Figure 1 presents the research model based on the following hypotheses about attitude and intention to use the BDA systems and IoT.



	
H1:The quality of the BDA systems/IoT has a positive impact on the perceived benefits.



	
H2: Data quality has a positive impact on the perceived benefits of BDA systems/IoT.



	
H3: Service quality has a positive effect on the perceived benefits of BDA systems/IoT.



	
H4: Perceived ease of use has a positive effect on the user’s attitude towards the BDA systems and IoT.



	
H5: The perceived usefulness has a positive effect on the user’s attitude towards the BDA systems and IoT.



	
H6: The perceived usefulness has a positive effect on the user’s intention towards the BDA systems and IoT.



	
H7: The attitude has a positive effect on the user’s intention towards the BDA systems and IoT.



	
H8: Perceived ease of use has a positive effect on the perceived usefulness of BDA systems and IoT.



	
H9: Perceived benefits have a positive effect on the perceived usefulness of BDA systems and IoT.



	
H10: Perceived benefits have a positive effect on the perceived ease of use of BDA systems and IoT.









3. Methodology


A questionnaire was developed to evaluate the intention to use and the perceived benefits of BDA systems and IoT. The questionnaire was forwarded via email to managers of the leading telecommunication company in Greece. Managers distributed the questionnaire to 1800 users of these systems, and 172 completed it. Perceived usefulness and perceived ease of use measures were derived from existing papers on the Technology Acceptance (TAM) model [62,63,64]. The measures of behavioral intention and attitude were based on Toft et al. (2014) [65] and Verma et al. (2018) [64]. To address the variables of the quality of data and the quality of the system, the studies of Shin (2015) [66,67], Verma et al. (2018) [64] and Zheng et al. (2013) [68] were used. The measures of perceived benefits were based on Amoako-Gyampah and Salam (2004) [57] and Verma et al. (2018) [64]. A 5-point Likert-scale was used to evaluate these variables. Data analysis was conducted using Multivariate Regression Analysis.



The sample consists of employees of the IT department of the organization who use BDA systems and IoT tools and have more than 10 years of work experience. Eighty percent of participants were 36 years old and older. Regarding their education level, 44% had a bachelor’s degree and 42% had a master’s degree.




4. Results


4.1. The Case of BDA


The values of Cronbach’s alpha coefficient for all variables were above 0.7 [69]. The data quality (0.952), system quality (0.955), and perceived usefulness (0.955) had the lowest coefficients. The remaining variables had a Cronbach’s alpha above 0.7, between 0.956 and 0.964.



Table 2 indicates that the descriptive statistics result of system quality, data quality, service quality, perceived ease of use, perceived usefulness, perceived benefits, attitude, and intention to use had grand means of 3.6478, 3.7113, 3.6569, 3.6406, 3.7220, 4.1434, 4.1889, and 4.0116 at standard deviations of 0.7958, 0.8109, 0.8435, 0.8487, 0.8400, 0.7326, 0.8078, and 0.7722, respectively.



Based on the values represented at Table 3, the beta value of System quality was −0.101 with significance level p > 0.05 (p = 0.514). Thus, System quality does not significantly influence Perceived benefits, and H1 was not supported. The beta value of Data quality was 0.808 with significance level p < 0.0001 (p = 0.000). Thus, Data quality significantly affects Perceived benefits, and H2 was supported. The beta value of Service quality was −0.035 with significance level p > 0.05 (p = 0.798). Thus, Service quality does not have a significant impact on Perceived benefits, and H3 was not supported. The beta value of Perceived ease of use was 0.508 with significance level p < 0.001 (p = 0.000). Thus, Perceived ease of use significantly influences Attitude, and H4 was supported. The beta value of Perceived usefulness was 0.121 with significance level p > 0.05 (p = 0.360). Thus, Perceived usefulness has a significant impact on Attitude, and H5 was not supported. The beta value of Perceived usefulness was 0.771 with significance level p < 0.001 (p = 0.000). Thus, Perceived usefulness significantly affects Intention to use, and H6 was supported. The beta value of Attitude was 0.845 with significance level p < 0.001 (p = 0.000). Thus, Attitude significantly affects Intention to use, and H7 was supported. The beta value of Perceived ease of use was 0.888 with significance level p < 0.001 (p = 0.000). Thus, Perceived ease of use has a significant impact on Perceived usefulness, and H8 was supported. The beta value of Perceived benefits was 0.621 with significance level p < 0.001 (p = 0.000). Thus, Perceived benefits significantly affect the Perceived usefulness, and H9 was supported. The beta value of Perceived benefits was 0.589 with significance level p < 0.001 (p = 0.000). Thus, Perceived benefits significantly influence the Perceived ease of use, and H10 was supported.




4.2. The Case of IoT


The values of Cronbach’s alpha coefficient for all variables were above 0.7 [69]. The data quality (0.943), service quality (0.944), and perceived ease of use (0.945) had the lowest coefficients. The remaining variables exhibit a Cronbach’s alpha above 0.7, between 0.956 and 0.964.



Table 4 indicates that the descriptive statistics result of system quality, data quality, service quality, perceived ease of use, perceived usefulness, perceived benefits, attitude, and intention to use had grand means of 3.4177, 3.4651, 3.4689, 3. 4767, 3.4860, 4.0310, 4.0116, and 3.8720 at standard deviations of 0.8173, 0.8097, 0.8091, 0.8105, 0.8357, 0.7691, 0.7703, and 0.7805, respectively.



Based on to the values represented at Table 5, the beta value of System quality was −0.017 with significance level p > 0.05 (p = 0.907). Thus, System quality does not significantly influence Perceived benefits, and H1 was not supported. The beta value of Data quality was 0.201 with significance level p > 0.05 (p = 0.207). Thus, Data quality does not significantly influence Perceived benefits, and H2 was not supported. The beta value of Service quality was 0.455 with significance level p < 0.05 (p = 0.003). Thus, Service quality significantly affects Perceived benefits, and H3 was supported. The beta value of Perceived ease of use was 0.546 with significance level p < 0.001 (p = 0.000). Thus, Perceived ease of use has a significant impact on Attitude, and H4 was supported. The beta value of Perceived usefulness was 0.615 with significance level p < 0.001 (p = 0.000). Thus, Perceived usefulness significantly affects Attitude, and H5 was supported. The beta value of Perceived usefulness was 0.665 with significance level p < 0.001 (p = 0.000). Thus, Perceived usefulness significantly affects Intention to use, and H6 was supported. The beta value of Attitude was 0.800 with significance level p < 0.001 (p = 0.000). Thus, Attitude significantly affects Intention to use, and H7 was supported. The beta value of Perceived ease of use was 0.925 with significance level p < 0.001 (p = 0.000). Thus, Perceived ease of use has a significant impact on Perceived usefulness, and H8 was supported. The beta value of Perceived benefits was 0.614 with significance level p < 0.001 (p = 0.000). Thus, Perceived benefits significantly affect the Perceived usefulness, and H9 was supported. The beta value of Perceived benefits was 0.592 with significance level p < 0.001 (p = 0.000). Thus, Perceived benefits significantly affect the Perceived ease of use, and H10 was supported.





5. Discussion


The results of this paper, therefore, present an assessment of the data analysis model’s validity within the case of BDA and IoT. The paper uses an extension of the TAM model in the case of BDA and IoT. Studying a novel belief construct on how company users evaluate the benefits of an information system, this paper adds to the current literature on technology adoption (i.e., the BDA systems or IoT). The TAM model is extended in this article by including a belief construct (perceived benefits of BDA and IoT) and two external constructs (the quality of the system and data), as suggested by Liao and Tsou (2009) [19] and Al-Jabri and Roztocki (2015) [62].



The results support the use of TAM to examine the determinants affecting BDA and IoT implementation in companies. This article contributes to the current research by taking into consideration two significant and well-known determinants in information system research: data and system quality. Data and system quality are external factors that do not influence the core TAM variables. This finding confirms the results in the case of IoT.



The significance of system and data quality in developing a successful information system cannot be overstated. When it comes to supplying and retrieving customer and market data, this paper concluded that the quality of data has a fundamental role in the establishment of shared opinions among users of the business [38]. The quality of the system enables users to investigate the technical and functional aspects of BDA systems [70]. It enables individuals to obtain data and analyze the perceived usefulness of BDA systems [66,67,70,71,72].



Those who use BDA systems need good data and system quality to fulfil their respective tasks in real-time. As a result of BDA systems’ higher-quality data, businesses are more likely to believe that the systems themselves can provide value.



However, perceived benefits of BDA affect the perceived ease of use of BDA among executives. This result confirms Amoako-Gyampah and Salam’s (2004) [57] findings as well the findings in the case of IoT. It may not be easy for executives to use BDA systems because they do not find them user-friendly [71]. In other words, traditional business intelligence is a more common choice for managers who do not like BDA systems because they are too complicated or hard to use. To support managers to adopt BDA, companies should encourage the development of an easily understandable tool and applications easily aligned with their current systems.



Nevertheless, perceived ease of use influences perceived usefulness. This result contradicts with the study of Amoako-Gyampah and Salam (2004) [57] and is in agreement with the results of several existing papers [19,53,73,74] as well as the results in the case of IoT. The results showed that the ease of use of BDA systems creates a positive attitude of their usefulness. That is to say, even though BDA systems are simple to use, managers recognize their value. The perceived usefulness of BDA had a significant effect on behavioral intentions toward BDA and IoT. This result agrees with the Sabani’s findings (2020) [40]. According to the findings, managers believe that using BDA systems will support them to create a positive perception toward using BDA systems, resulting in a greater willingness to use BDA.



Firms that use BDA can understand consumer requirements in great detail because, like mobile platforms and the IoT, BDA can collect information about customers from all angles. As a result, companies can better understand their customers’ demands (both felt and unfelt) than their competitors do. BDA- and IoT-enabled companies can offer new services and products, alter existing ones, and improve their marketing, sales, and after-sale services. Therefore, these firms will increase the number of new customers while retaining existing ones, thereby increasing the business value. It will cost money to set up BDA and IoT. Still, in the long run, they will save money by cutting down on operational costs, improving energy efficiency, forecasting demand, and encouraging new manufacturing processes [75].




6. Conclusions


This article investigated the intention to use and the perceived benefits of using BDA systems and IoT in the telecommunications sector. The findings provide helpful implications for accepting BDA and IoT and the important determinants that executives should take into account. The perceived usefulness of these technologies positively affects the intention to use both technologies. Nevertheless, in both cases, perceived ease of use is the determinant that has a positive impact on the perceived usefulness of BDA and IoT. In this view, Yang et al. (2012) [76] discovered that perceived benefits of BDA are highly relevant for IT adoption.



Perceived usefulness has a positive effect on an individual’s attitude only in the case of IoT. In both categories the system quality does not significantly influence the perceived belief about the benefits of the technologies. The quality of data significantly influences perceived benefits in the case of BDA, while the impact of service quality on perceived benefits is more important in the case of IoT.



The study results could be helpful to executives in firms who are trying to use BDA and IoT by examining and resolving challenges connected to BDA system characteristics and perceptions. The results about BDA adoption and its items (i.e., perceived usefulness, perceived ease of use, perceived benefits of BDA systems, and data and system quality) will aid in BDA scalability. Furthermore, the results suggest that executives attempting to increase the value of BDA should prioritize the quality of data, perceived benefits of BDA systems and IoT, perceived usefulness, and perceived ease of use as crucial factors to improve the adoption and intention of these technologies as well as firm performance. Furthermore, this paper contributes by examining and evaluating current IT research in a new information system domain, namely implementing BDA systems. In contrast with several other information systems, BDA necessitate concurrent changes in data sharing methods [77].



Additionally, this study gives practical implications for marketers to preserve a competitive edge by effectively deploying BDA and IoT applications simultaneously. The results of this paper will have an impact on marketers’ strategic adaption mechanisms. Although IoT and BDA technologies have advanced rapidly, ambiguity still exists. Early adopters of BDA and IoT applications appear to be struggling to grasp the benefits of these technologies while also assessing the dangers and developing a convincing business case for their investments [60]. These applications can make and store a lot of money, making businesses want to spend a lot of money [78].



A limitation of this paper is the usage of a relatively small sample size in order to collect and analyze quantitative data, as well as the fact that the information came from a single organization in the field of Telecommunications. Therefore, the conclusions of the research cannot be generalized because they concern only one company.



Future work as a follow-up to the present survey should include a larger sample that will involve executives and employees in more companies in the field of Telecommunications in Greece and abroad to be able to compare the results. It is also important to conduct similar research in another area, for example the financial sector or industries that require day-to-day data and knowledge management with great intensity. This will allow the comparison of data between industries and if there are parameters that affect the success of technologies penetration and the relative value they create per case. As these technologies are context-specific, a multi-country analysis is needed. Future studies can use extensive multi-region research to assess big data quality, holistically, taking into account both the indirect impact on business effectiveness of the two types of big data (BDA and IoT).



Further research may look into improving the model by incorporating it with user satisfaction theories. This can aid in comprehending the user’s perspective on the use of BDA in a mandated environment. Aside from the system and data quality as well as the perceived benefits of BDA systems, other factors influenced behavioral intention, such as the nature of the technology itself. As stated by Venkatesh and Davis (2000) [79], the more we know about these, the more we can develop efficient organizational interventions to enhance user acceptance and the use of new information systems.
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Figure 1. Research model. 
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Table 1. Brief description of variables.
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	Variables
	Influence
	References





	Data quality
	Perceived benefits
	[39]



	System quality
	Perceived benefits
	[40,43,44]



	Perceived ease of use
	Perceived usefulness

Attitude
	[55,61]



	Perceived usefulness
	Intention
	[50,51,52]



	Perceived benefits
	Perceived ease of use

Perceived usefulness
	[43,44]



	Attitude
	Intention
	[40]
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Table 2. Descriptive statistics.






Table 2. Descriptive statistics.





	Variables
	Mean
	Std. Deviation
	N





	System quality
	3.6478
	0.7958
	172



	Data quality
	3.7113
	0.8109
	172



	Service quality
	3.6569
	0.8435
	172



	Perceived ease of use
	3. 6406
	0.8487
	172



	Perceived usefulness
	3.7220
	0.8400
	172



	Perceived benefits
	4.1434
	0.7326
	172



	Attitude
	4.1889
	0.8078
	172



	Intention to use
	4.0116
	0.7722
	172
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Table 3. Regression results for BDA.
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	Model
	Independent Variables
	β
	Adjusted R2
	F





	1: dependent variable (perceived benefits)
	
	
	0.684
	49.276 ***



	
	System quality
	−0.101
	
	



	
	Data quality
	0.808 ***
	
	



	
	Service quality
	−0.035
	
	



	2: dependent variable (attitude)
	
	
	0.592
	52.215 ***



	
	Perceived ease of use
	0.508 ***
	
	



	
	Perceived usefulness
	0.121
	
	



	3: dependent variable (intention to use)
	
	
	0.712
	423.600 ***



	
	Perceived usefulness
	0.771 ***
	
	



	
	Attitude
	0.845 ***
	
	



	4: dependent variable (Perceived usefulness)
	
	
	0.787
	633.525***



	
	Perceived ease of use
	0.888 ***
	
	



	
	Perceived benefits
	0.621 ***
	
	



	5: dependent variable (Perceived ease of use)
	
	
	0.589
	90.424 ***



	
	Perceived benefits
	0.589 ***
	
	







* Significant at 0.05. ** Significant at 0.01. *** Significant at 0.001.
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Table 4. Descriptive statistics.






Table 4. Descriptive statistics.





	Variables
	Mean
	Std. Deviation
	N





	System quality
	3.4177
	0.8173
	172



	Data quality
	3.4651
	0.8097
	172



	Service quality
	3.4689
	0.8091
	172



	Perceived ease of use
	3.4767
	0.8105
	172



	Perceived usefulness
	3.4860
	0.8357
	172



	Perceived benefits
	4.0310
	0.7691
	172



	Attitude
	4.0116
	0.7703
	172



	Intention to use
	3.8720
	0.7805
	172
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Table 5. Regression results for IoT.
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	Model
	Independent Variables
	β
	Adjusted R2
	F





	1: dependent variable (perceived benefits)
	
	
	0.627
	36.271 ***



	
	System quality
	−0.017
	
	



	
	Data quality
	0.201
	
	



	
	Service quality
	0.455 *
	
	



	2: dependent variable (attitude)
	
	
	0.615
	103.505 ***



	
	Perceived ease of use
	0.546 ***
	
	



	
	Perceived usefulness
	0.615 ***
	
	



	3: dependent variable (intention to use)
	
	
	0.638
	302.178 ***



	
	Perceived usefulness
	0.665 ***
	
	



	
	Attitude
	0.800 ***
	
	



	4: dependent variable (Perceived usefulness)
	
	
	0.854
	102.767 ***



	
	Perceived ease of use
	0.925 ***
	
	



	
	Perceived benefits
	0.614 ***
	
	



	5: dependent variable (Perceived ease of use)
	
	
	0.592
	91.771 ***



	
	Perceived benefits
	0.592 ***
	
	







* Significant at 0.05. ** Significant at 0.01. *** Significant at 0.001.
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