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Abstract

:

The adoption of business analytics (BA) has become increasingly important for organizations seeking to gain a competitive edge in today’s data-driven business landscape. Hence, understanding the key factors influencing the adoption of BA at the organizational level is decisive for the successful implementation of these technologies. This paper presents a systematic literature review that utilizes the PRISMA technique to investigate the organizational, technological, and environmental factors that affect the adoption of BA. By conducting a thorough examination of pertinent research, this review consolidates the current understanding and pinpoints essential elements that shape the process of adoption. Out of a total of 614 articles published between 2012 and 2022, 29 final articles were carefully chosen. The findings highlight the significance of organizational factors, technological factors, and environmental factors in shaping the adoption of the BA process. By consolidating and analyzing the current body of research, this paper offers valuable insights for organizations aiming to adopt BA successfully and maximize their benefits at the organizational level. The synthesized findings also contribute to the existing literature and provide a foundation for future research in this field.
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1. Introduction


In a rapidly evolving business landscape, the capacity to accumulate, manipulate, scrutinize, and draw meaningful conclusions from immense datasets has become an essential competency that organizations must possess to maintain competitiveness [1]. The extensive diffusion of digital technologies and the expanding accessibility of data have engendered a critical dilemma for organizations on how to efficiently manage and leverage this vast pool of data to foster innovation, optimize operational efficiency, and gain an advantageous market position [2].



Business Analytics (BA) is among the technologies used to gain decisive insights from data [3]. Due to its high operational, tactical, and strategic potential, it has attracted the interest of many academics and practitioners across different industries [4,5]. BA is defined as “the process of developing actionable decisions or recommendations based on insights from historical data, as well as frequent monitoring of the performance of business processes through the accurate presentation, multidimensional data analysis, and report creation” [6] (p. 201). The primary goal of BA is to assist organizations in effectively harnessing the value of historical data by utilizing statistical and mathematical models, as well as advanced techniques such as Artificial Intelligence (AI) algorithms [1]. These models and algorithms enable organizations to integrate diverse data sources for optimal decision-making, trend prediction, and other related tasks. Typically, the BA involves a long chain of different analytical techniques to transform data into actions, known as descriptive, predictive, and prescriptive [7]. Each type of analytics has specific purposes, tools, and functions within the overall process.



Descriptive analytics focuses on identifying patterns and trends in data. It involves summarizing and visualizing data to gain insights into past and current business performance. Predictive analytics, on the other hand, employs tools such as machine learning and simulation to develop strategic options. It provides decision-makers with actionable insights, enabling them to forecast future outcomes and anticipate potential opportunities or risks. Meanwhile, prescriptive analytics aims to improve prediction accuracy and prescribe better decision options that generate new value for an organization, such as future expected revenues, profits, intangible assets such as intellectual capital, and opportunities for future growth [8].



The proliferation of Big Data (BD) and the rapid evolution of digital products have prompted many business organizations to explore the potential benefits of BA and consider its adoption [9]. These organizations use BA to develop new strategies, evaluate business strengths and weaknesses, track progress, align business objectives and processes [10], predict market opportunities, identify customer preferences, streamline operations, and mitigate potential risks [3]. As a result, global investments in BA tools are consistently on the rise, and there has been a significant surge in corporate spending on such tools [5,11]. According to a market report (Business Analytics Software Market), the global market for BA solutions was valued at $61.10 billion in 2020 and is projected to reach $177.27 billion by 2030, growing at a compound annual growth rate of 11.2% between 2021 and 2030 [12]. Meanwhile, Alaskar [2] states that a notable increase in the amount of available data is anticipated by 2025, with an estimated volume of 180 zettabytes. The projected surge in data underscores its critical role in shaping the digital landscape of the future, given its potential to be processed efficiently and used effectively in supporting high-risk events and decisions that can significantly impact corporate performance [13].



The abovementioned figures support that BA adoption is essential for businesses, demonstrating its substantial potential. However, notwithstanding the widespread adoption of BA, numerous organizations have been unable to realize the projected strategic advantages [14,15,16]. Some organizations, for instance, fail to properly plan for BA in terms of acquiring talented personnel with sufficient experience, managing the change related to business processes and organizational decision-making culture, and allocating the necessary financial resources for such investments [15]. In addition, Shi et al. [8] recently drew attention to a concerning statistic revealing that 95% of projects related to analytics-driven innovation encounter failure due to a range of technical and cultural challenges. In the same vein, Conboy et al. [17] indicate that there is still a lack of understanding from a practical standpoint about how to use analytics to improve business, as well as managerial and cultural issues emerge as the primary barriers to the widespread adoption of BA solutions. Moreover, the existing literature on the topic provides inconsistent results and lacks satisfactory evidence on what factors account for the successful implementation of BA, particularly at the organizational level [13]. As such, this highlights the need to investigate the factors that impact an organization’s decision to adopt BA effectively to capitalize on its intended benefits.



Therefore, this study adopts a systematic review approach to thoroughly examine various factors that can influence the BA adoption process within organizations, with a focus on technological, organizational, and environmental (TOE) contexts. The TOE framework considers one of the most useful theoretical lenses to evaluate technology/innovation adoption at the organizational level [18]. Therefore, given that the theme of this study is the adoption of BA from the organization’s perspective, the TOE framework serves as an overarching theoretical basis for conducting this review, driven by its consistency with other frameworks, such as the diffusion of innovation (DOI) theory [19,20] and resource-based view (RBV) theory [16], as well as the most frequently used technology adoption theory among scholars [21]. In essence, this framework is predicated upon identifying the impact of both internal factors, such as technology and organization, and external environmental factors on the behaviors of organizations towards technology adoption [22]. Thus, this study aims to provide an in-depth analysis of the factors that likely influence BA and related technologies’ adoption within TOE contexts in organizations.



Our study holds significant value for researchers and practitioners in IT, big data, and data analytics as it offers a comprehensive overview of the existing literature on the relationship between TOE factors and technology adoption (i.e., BA) within organizations. The research output of this study can aid future researchers in identifying relevant literature on BA adoption to support their research endeavors. The findings of this study can also contribute to a better understanding of the factors that impact BA adoption, thereby aiding the decision-making process of organizations looking to adopt BA effectively.



The remaining part of this study covers an overview of the background information on BA and relevant terms followed by the research methodology, which details the systematic review mapping process and presents research results based on a classification framework. Then, the research discussion of the relevant literature in terms of the technological, organizational, and environmental dimensions of organizational adoption for BA is presented. Finally, the conclusion of the study, as well as limitations and future research directions, are highlighted.




2. Background in Business Analytics (BA)


BA is a term coined by the business industry, which represents an inherently forward-looking concept that evolved from BI [23]. While BI used to focus on descriptive analytics reporting and data integration, BA goes beyond plain analytics and focuses its analyses on prediction and prescription tasks. By using data to create analytical models, BA manages business decisions in the face of an uncertain or unknown future [24]. It is the synthesis and integration of information technology, management science, and statistical analysis to reach the optimum decision for solving business problems that managers face. The primary goal of BA is to improve the way organizations conduct business and drive better business decisions, initiated by the need to either address particular problems or explore and learn from existing data [10]. It enables managers to use data and facts to support their decision-making and improve operations rather than relying solely on experience, intuition, or instinct. Without BA, it may pose challenges for managers in terms of learning from the past or predicting future outcomes [25]. BA facilities how organizations manage their businesses and react properly to market dynamics using various technical solutions [26]. In essence, BA uses IT-based tools such as data warehousing, data mining tools, visualization tools, statistical modelling, and analysis tools, as well as operation research techniques, such as optimization and simulation [27]. Meanwhile, a growing trend has recently been towards incorporating AI into BA [28]. AI technologies such as machine learning and deep learning have revolutionized the field of BA by enabling more predictions on structured datasets for robust data-driven decision-making across all domains [7].



2.1. BA and Big Data (BD)


Eric Schmitt, a former CEO of Google, articulated a famous perspective on data: “Five Exabyte of information were created between the beginning of civilization and 2003, but now that amount of data is generated every two days, and the pace is accelerating” [29]. The advent of digitalization in business and society has contributed to a remarkable surge in data production, widely referred to as BD. This term was initially coined in the 1990s to denote sizeable and intricate datasets emanating from diverse sources and incapable of effectively managing and processing using conventional database applications [30].



BD is characterized by the 5Vs, namely volume, velocity, variety, variability, and veracity [31]. Volume relates to the enormous quantity of daily data generated from various sources such as social media platforms, sensors, and other devices. Velocity refers to the speed with which data are generated, making real-time analysis and processing a significant challenge for many organizations. Variety denotes the broad range of data types available, including unstructured, structured, and semi-structured data. Variability encompasses the dynamic nature of BD, characterized by unpredictable changes in the data’s structure, meaning, and quality. Finally, veracity denotes the reliability and accuracy of the data, which can be hampered by various factors such as human error, biases, and inconsistencies.



BD is asserted to enhance organizational agility significantly and possess tremendous value in identifying both opportunities and threats within the context of the Industry 4.0 revolution [32,33]. Organizations nowadays have become more conscious of the significance of analyzing BD to gain insights into their operations and the markets they serve [29]. Within this context, BA has emerged as a crucial technological solution offering sophisticated techniques to analyze BD [11,34]. The momentum of BA and BD is growing at an unprecedented rate due to the arrival of AI [28]. The ability to leverage the value of the increasing amount of large datasets has become an imperative goal in a contemporary business environment, as data are increasingly being recognized as “the new oil” [35]. Having BA capabilities can enable organizations to extract insights from BD, which can help them remain competitive in a rapidly changing business landscape [36].




2.2. BA-Related Terms


The use of the term Business Analytics (BA) is often interchangeable with other similar concepts, such as Data Analytics (DA), Big Data Analytics (BDA), Business Intelligence (BI), and Business Intelligence and Analytics [2,37]. Researchers and practitioners frequently use these terms to refer to the advanced technologies and techniques that are required to handle Big Data (BD). Despite being regarded as an evolution of BI systems, BA and BDA differ due to their development level, offering sophisticated data analysis and reporting techniques [38].



In the literature, there is a lack of consensus on the various terms associated with BD [39]. For example, Yin and Fernandez’s [40] systematic review of BA points out that analytics is the abbreviation for BA in business, making BA equivalent to DA in business domains. Additionally, as BA processes large and unstructured data, it can be considered an application of BDA in business. Furthermore, the authors state that BA is the application of Data Science in the business environment. Similarly, Zhang et al. [41] suggest that BA is the application of the technical aspects of BDA, also referred to as Data Science, within business or managerial settings to facilitate informed decision-making. Meanwhile, Duan and Xiong [42] and Sun et al. [43] view BA as the general term for all DA applied to business problems, and Khan et al. [44] and Kristoffersen et al. [45] consider BA and BDA as unified terms in their studies.



On the other hand, Shi [46] suggests that some professional communities use BI and BA to represent BDA. Conversely, Min et al. [15] argue that the concept of BA is broader and more comprehensive than BDA, as it incorporates a vast range of BI tools and AI technologies. However, for the purpose of this study, BI, DA, and BDA are regarded as terms related to BA.





3. Research Methodology


A systematic literature review (SLR) is a process for evaluating, interpreting, and orchestrating the literature that has been produced relevant to the specific research question, a particular topic, or a phenomenon of interest [47]. The main purpose of conducting an SLR is to offer transparent and rigorous evidence that enhances the validity and reliability of research findings while providing directions for future research. The SLR is deemed a more suitable methodology for conducting the present study due to its ability to thoroughly investigate the current literature on the influential factors for adopting BA in organizational contexts. The SLR follows a step-by-step approach that involves defining the scope of the review, establishing research questions and protocols, selecting appropriate evidence, appraising the quality of evidence, extracting and synthesizing data, and reporting and disseminating results [48].



In this research study, the systematic review adhered to the PRISMA guidelines established by Page et al. [49] to ensure transparency and accuracy in reporting the findings. The SLR was conducted in three distinct stages, following the approach proposed by Ali et al. [50]. Figure 1 presents a visual representation of these stages and the associated activities involved in this review.



3.1. Planning Stage


The initial step in the planning phase involves identifying the needs for a systematic review. The rationale for conducting a systematic review is rooted in researchers’ need to comprehensively and impartially summarize all available information on a particular phenomenon. Prior research has demonstrated that various factors are linked to the adoption or usage of BA at the firm level. By adopting the TOE framework, scholars have shown that TOE factors can significantly impact the adoption of BA and related technologies in organizations. Nevertheless, to our knowledge, no systematic review has systematically synthesized these research findings and provided an in-depth analysis of the scholarly aspects of this topic.



The second step in the planning stage involves developing a research review protocol that serves as a blueprint to understand the current factors likely to influence the adoption of BA in the organizational context. In doing so, a review protocol was created based on the classification framework adopted by Sadoughi et al. [51]. The classification framework for this research study consists of three dimensions, namely technological, organizational, and environmental, which group several factors based on the findings of the review of the selected studies. This framework provides a structured approach to analyze the relevant literature in relation to the factors affecting the adoption of BA in organizational settings within the TOE contexts.



The third step in the planning stage is crucial as it involves defining the research questions. According to Paul et al. [52], research questions serve as a guide for the review process, which includes a literature search, study selection, and findings synthesis. Therefore, for this review study, the research question is formulated as follows: What key factors are adopted in business analytics (BA) adoption at the organizational level?



The fourth step in the planning stage of this review is to define the strategies for article selection [50]. During this step, the research team established selection criteria for the eligibility review, which are presented in Table 1. The inclusion/exclusion criteria ensured that the literature was relevant to the research question. In addition, this approach ensured that the review results were more accurate, objective, and meaningful while minimizing the risk of bias, thereby maintaining the integrity of the systematic review.



Moreover, a comprehensive search strategy was utilized, which involved an extensive automated search of the selected database (i.e., Scopus) and a broad manual review of the chosen articles. The automated search yielded a broad array of literature that formed the basis of the study, while the detailed manual review ensured that only relevant articles were considered. During the manual review process, each research article’s title and abstract were assessed to determine its potential relevance to the study. Subsequently, a thorough reading of the entire content of the selected articles was carried out to exclude any irrelevant studies. In addition to said strategies, the research team utilized the backward snowball technique to identify any articles that may have been overlooked [53]. This method entailed examining the reference list of the selected articles to identify new and relevant articles for inclusion while eliminating articles that did not meet the research selection criteria from the review.




3.2. Execution Stage


PRISMA is a well-established evidence-based reporting mechanism used in systematic reviews. The data collection process for this review follows the PRISMA flow diagram, which is depicted in Figure 2. The review was conducted between January 2023 and March 2023, adhering to the research protocol set during the planning stage. The primary techniques employed during this phase are described below:




	
An initial literature search was conducted using the Scopus database, employing a range of keywords with Boolean operators AND/OR to maximize the number of results obtained. The following keywords were searched within the abstract, title, and keywords of the publications: “Business Analytics” OR “Big Data” OR “Big Data Analytics” OR “Business Intelligence” OR “Business Intelligence and Analytics” OR “Data Analytics”, AND “Adoption” OR “Adopt” OR “Usage”, AND “Factors” OR “Determinants” OR “Antecedents”.



	
Following the search, filtering tools were applied to restrict the research results, including source and document type: Journal articles; publication year: From 2012 to 2022, and language: English.



	
The resulting articles were then subjected to a manual review process that focused on their titles and abstracts to ensure their relevance to the research question.



	
All articles that met the inclusion criteria were fully read to extract relevant information on the topic of this study.



	
To complement the automated research strategy, the backward snowball technique was used to identify additional articles that may have been overlooked.



	
In order to ensure the inclusion of valuable articles, quality assessment criteria have been applied to assess their eligibility. In doing so, a checklist of questions was prepared, which was adopted from previous studies [50,51]. The checklist covered criteria related to various aspects of the research, including adequate discussion of the research objective, a clear articulation of the research problem/questions, a description of data and adopted methodology, and whether the research results corresponded to research questions. Articles that met all of these criteria were included in the final review.









3.3. Summarizing Stage


The initial automated search process, utilizing keywords stated in the previous stage, resulted in a total of 1487 articles. Filters were then applied to the retrieved articles, which yielded 614 articles. Following this, the research team performed a manual review by perusing the titles and abstracts to determine the relevance of the retrieved articles, with a specific focus on empirical articles that are closely associated with the topic of the study. This process led to the removal of 547 articles, leaving a set of 67 articles to be considered. The remaining articles were screened further by reviewing the full-text content, which led to 36 articles being classified as relevant to the topic of this study, and 31 were deemed irrelevant and discarded. The backward snowball technique was subsequently applied, resulting in the addition of two more articles. These articles were then subjected to manual review, bringing the total number of remaining articles to 38. Finally, all of these articles were reviewed based on the quality assessment criteria previously described, resulting in the final selection of 29 articles for analysis. The following section presents the results of the analysis.





4. Results


4.1. Some Common Attributes of Selected Articles


4.1.1. Chronological Distribution of Chosen Studies


Figure 3 illustrates the distribution of selected articles considered in this review, spanning the period from 2012 to 2022. Notably, there were no articles published in the years 2012, 2013, or 2014. In 2015 and 2016, one article was published per year. Subsequently, the number of articles gradually increased, with three publications in 2017, four in 2018, and two in 2019. While 2022 witnessed the highest number of articles published, totaling eight. These results signify sustained growth in research interest in BA adoption over the years, with 2022 marking the peak of scholarly activity in this area. Further, this distribution highlights the increasing significance of the adoption of BA and its related technologies, indicating a growing recognition of the potential benefits and implications of BA across various domains.




4.1.2. Distribution of Chosen Studies by Sector


The analysis showed that researchers frequently addressed multiple sectors, which accounted for 48% of all chosen publications. Among the individual sectors, the manufacturing sector had the highest percentage with 17%, followed by the hotel, higher education, and retail sectors, each with 7%. The remaining sectors, which included healthcare, banking, financial services, and insurance, accounted for 3% of the publications each, as shown in Figure 4. These results suggest that research on multiple sectors is a significant area of interest in the BA adoption domain, with a particular focus on the manufacturing sector.




4.1.3. Distribution of Chosen Studies by Geographical Regions


The 29 selected studies for this review spanned at least 16 different countries, as depicted in Figure 5. Jordan has the highest number of articles with five, followed by India with four and Korea with three. In addition, Malaysia, Thailand, China, and Iran each have two articles, while the remaining countries have one article each. In summary, the majority of BA adoption research for this review was carried out in Asia, where it had a significant presence, followed by the Middle East and other regions with fewer articles.




4.1.4. Distribution of Chosen Studies by Research Approaches


The analysis revealed that the majority of the selected studies (79%) used a quantitative research approach. In contrast, qualitative research was utilized in fewer studies (14%), while mixed-methods research accounted for 7% of the chosen articles, as presented in Figure 6. These figures indicate that BA adoption research, particularly at the organizational level, is distinguished by a strong emphasis on empirical evidence and statistical analysis to quantify relationships between variables and measure the impact of BA adoption on organizational performance, e.g., [20,54,55,56,57,58].





4.2. Research Classification Framework


The present study conducted a comprehensive review of scholarly articles pertaining to the factors that potentially influence the adoption of Business Analytics (BA) in organizational contexts. In order to facilitate this examination, a classification research framework, as illustrated in Figure 7, was employed. This framework encompassed an analysis of three key dimensions, namely technological, organizational, and environmental factors. These dimensions were derived from the collective findings of the selected studies and served as a basis for grouping various factors. For a more in-depth exploration of the technological, organizational, and environmental factors, please refer to Table 2, Table 3 and Table 4, respectively. The subsequent section will discuss the findings based on the aforementioned classification framework.





5. Discussion


5.1. Organizational Dimension


The adoption of business analytics within an organization requires careful consideration of various organizational factors. These dimensions play a crucial role in determining the success and effectiveness of analytics initiatives. This study identifies a set of organizational factors (see Table 3) related to BA adoption, which are crucial factors that influence the success and effectiveness of analytics initiatives.



Adopting BA involves several key organizational dimensions that play a crucial role in its successful implementation and utilization. One of the critical factors for the successful adoption of BA is the support and commitment of top management [13,21,25,60,62]. Primarily, senior executives endorsing and promoting analytics in decision-making create a data-driven culture [61]. Top management support includes providing necessary resources, allocating budgets, and setting clear strategic goals for BA initiatives. Organizational readiness is recognized as another important factor for BA adoption [54,56]. It refers to the preparedness of the organization to adopt and integrate BA effectively. It involves assessing the organization’s technological infrastructure, financial capacity, employee skill sets, and willingness to embrace analytical insights. Assessing and addressing gaps in these areas is crucial to ensure a smooth transition to a data-driven environment. The findings also highlight the vital role of the organizational data environment in adopting BA [55,69]. Specifically, the availability and accessibility of data within the organization significantly impact the adoption of BA. An effective organizational data environment involves data governance, integration, quality management, and security [19]. A well-structured and integrated data environment enables the analytics team to efficiently access, analyze, and derive meaningful insights from data. Furthermore, the project champion is found to be critical for BA adoption [13,19]. A project champion represents an individual or group within the organization who takes the lead in promoting and advocating for the adoption of BA. Project champions act as a driving force, bridging the gap between the analytics team and the rest of the organization. They are responsible for building awareness, gaining buy-in from stakeholders, and ensuring that the analytics projects align with organizational objectives [13].



Importantly, the findings stress that adequate alignment between BA adoption and the overall organizational strategy is deemed an essential success factor [58,71]. An organization’s strategic goals, objectives, and priorities should guide the analytics initiatives This alignment ensures that analytics efforts are focused on addressing critical business challenges, improving operational efficiency, and driving innovation in line with the organization’s long-term vision. Furthermore, an appropriate organizational structure significantly impacts BA adoption [14,58]. In a decentralized structure, rather than relying solely on a single analytics team for all organizational analysis, the presence of analytical capabilities within individual business functions or departments plays a vital role in facilitating widespread BA adoption. This approach improves domain expertise as individuals can utilize their specialized knowledge to analyze data within their respective areas. By empowering employees at different levels and in various business functions with analytical skills, organizations can achieve higher levels of participation in decision-making, facilitate the circulation of information, provide greater autonomy, and enhance communication flows [14]. At the same time, a centralized structure can significantly support the adoption process by promoting a unified and consistent approach, enabling smoother implementation, and minimizing potential conflicts that may arise from divergent perspectives or competing interests. In addition, rational decision-making culture has a significant role when it comes to BA adoption [14,64]. A culture rooted in rational decision-making actively promotes the utilization of data and analytics as essential components of the decision-making process [14]. It specifically emphasizes the adoption of evidence-based decision making, embraces data-driven analysis insights, and encourages experimentation and continual learning. Finally, the size of an organization can influence BA adoption [64]. Larger organizations may have more extensive data resources and capabilities, enabling them to undertake more complex analytics projects [68,74]. In contrast, smaller organizations may have more agility and flexibility to adopt analytics quickly due to simpler decision-making processes and fewer bureaucratic hurdles. However, regardless of size, all organizations can benefit from leveraging BA to make informed decisions [72].




5.2. Technological Dimension


This study reveals that BA adoption is influenced by various factors within the technological dimension. These factors (see Table 2) play a crucial role in determining the success and effectiveness of implementing analytics solutions within organizations.



Relative advantage is recognized as one of the main motivators to adopt BA [54,62,63]. It refers to the perceived benefits and advantages that adopting BA can bring to an organization compared to existing methods or alternatives. Organizations consider whether analytics solutions can provide better insights, improved decision-making capabilities, enhanced operational efficiency, or competitive advantage. Similarly, the compatibility of business analytics tools with the existing technological environment is another crucial aspect of successful BA adoption [22,55]. In this regard, compatibility refers to the degree to which business analytics solutions can be integrated with an organization’s existing systems, processes, and infrastructure. It is essential to ensure smooth implementation and seamless integration of analytics tools into the existing technological environment. Importantly, organizations that intend to adopt BA should bear in mind the effect of business analytics tools’ complexity on such adoption [57,65]. The complexity factor relates to the difficulty or simplicity of adopting and utilizing BA within an organization. Complexity can arise from various aspects, such as the technical complexity of the analytics tools, the complexity of data integration and management processes, and the complexity of interpreting and applying analytical insights.



Technology competence is identified as another important factor for BA adoption [64,68]. It refers to the level of technical expertise and knowledge required to implement and operate analytics tools effectively. Organizations need to assess whether they possess the necessary technical skills and competencies internally or if they need to acquire or develop them through training and recruitment. In addition, it is noted that the presence of a robust and scalable IT infrastructure is essential for handling large volumes of data, supporting advanced analytics algorithms, and ensuring the efficient processing and storage of data required for analytics initiatives [68,75,76]. Accordingly, the state of an organization’s IT infrastructure significantly impacts BA adoption. Moreover, the findings shed light on the significance of the security and privacy concerns when adopting BA [61,62]. Particularly, security and privacy considerations are crucial when dealing with sensitive business data. Organizations must evaluate the security measures and protocols provided by analytics solutions to safeguard data from unauthorized access, breaches, or misuse. Compliance with relevant data protection regulations is also essential. Data quality is regarded as another critical factor that affects the accuracy and reliability of analytical insights [14,22,76]. Organizations must ensure the availability of high-quality data that are accurate, complete, consistent, and relevant to drive meaningful analytics outcomes. Further, data cleansing, validation, and governance processes play a vital role in maintaining data quality.



The cost-effectiveness factor relates to the financial implications associated with implementing and maintaining business analytics solutions. Organizations need to evaluate the costs of acquiring analytics tools, infrastructure upgrades, training, maintenance, and ongoing support and weigh them against the expected benefits and return on investment. Trialability is also identified as a significant factor for BA adoption [21,25]. It represents the ability of organizations to pilot or test analytics solutions on a smaller scale before full-scale adoption. This factor allows organizations to assess analytics tools’ feasibility, performance, and suitability in their specific context, reducing the risk associated with large-scale implementation. Finally, the concept of observability, encompassing the clarity and transparency of the impact and advantages gained from business analytics, plays a crucial role in instilling confidence and garnering support for the continued adoption of analytics [21]. Organizations ought to possess the capability to observe and quantify the results of their analytics initiatives, including enhanced decision-making, improved performance, higher revenue, or cost savings.




5.3. Environment Dimension


The findings of the SLR reveal that BA adoption is influenced by factors within the environmental dimension (see Table 4). These related factors provide a contextual framework for organizations to assess the feasibility and potential impact of adopting BA.



The industry in which an organization operates plays a crucial role in determining the extent of BA adoption [13,59,67,72]. Certain industries (e.g., finance, retail, healthcare) have been recognized as early adopters of analytics due to the abundance of data and the immense potential for extracting valuable insights. Oppositely, industries such as manufacturing and agriculture face unique data challenges that necessitate customized analytics solutions. Additionally, competitive pressure within an industry serves as a compelling driver for organizations to embrace BA. To secure a competitive edge, organizations harness analytics to steer data-driven decision-making, discern market trends, streamline operations, and enhance customer experiences. The imperative to outpace rivals and cater to ever-changing customer expectations consistently propels the adoption of analytics strategies.



The findings suggest that government regulations and compliance requirements have a significant influence on the adoption of BA [14,54,65]. Industries such as finance, and healthcare face severe data privacy and security regulations that pose strict constraints regarding the collection, storage, and analysis of data. To comply with these regulations, organizations must ensure that their analytics practices align with the relevant guidelines. This may involve making additional investments in technology and processes to meet the required standards. The availability of external support, such as vendor expertise and solutions, can significantly impact the adoption of BA [64,73]. Organizations often rely on specialized analytics vendors or consulting firms to provide the necessary tools, technologies, and guidance for successful implementation. The presence of a robust vendor ecosystem and the availability of reliable support can accelerate the adoption process. It is also found that the readiness and willingness of an organization’s trading partners to adopt BA can influence its own adoption efforts [75]. Collaborative analytics initiatives and data sharing among partners can lead to enhanced supply chain efficiencies, improved forecasting, and better decision-making. If trading partners are proactive in adopting analytics, it can incentivize an organization to follow suit. Finally, relationship assets have a role to play in BA adoption [58]. Particularly, strong relationships with customers, suppliers, and other stakeholders can be a driving force for BA adoption. Organizations that value their relationships and seek to enhance them through data-driven insights are more likely to invest in analytics capabilities. By leveraging analytics to understand customer preferences, optimize supply chain processes, and personalize offerings, organizations can strengthen their relationships and gain a competitive advantage.





6. Conclusions


This study employed a systematic literature review to explore the organizational, environmental, and technological factors associated with the adoption and implementation of business analytics by organizations. Particularly, this study highlights the multifaceted nature of business analytics adoption, emphasizing the interplay between organizational, environmental, and technological factors. The findings underscore the importance of a holistic approach that considers these factors in tandem when planning and implementing business analytics initiatives. Through an extensive analysis of existing studies, several key findings emerged.



Organizational factors are identified as critical determinants of successful BA adoption. Organizations that foster a culture of data-driven decision-making and have leaders who prioritize analytics initiatives tend to achieve better outcomes.



Additionally, the factors related to the environmental dimension are found to significantly impact BA adoption. Factors such as industry-specific characteristics, competitive dynamics, regulatory requirements, vendor support, trading partner collaboration, and relationship assets played important roles in shaping organizations’ analytics strategies.



Finally, the technological dimension-related factors (i.e., data quality and availability, infrastructure capabilities, and compatibility) are identified as crucial enablers for effective BA adoption. These technological factors are found to facilitate the successful adoption and utilization of BA. The insights from this systematic literature review can guide organizations in making informed decisions and developing effective strategies to leverage business analytics for competitive advantage. By understanding the organizational, environmental, and technological factors at play, organizations can enhance their capabilities, improve decision-making processes, and unlock the transformative potential of analytics in today’s data-driven business landscape.



Limitations and Future Directions


This research study has some limitations. First, the study focuses solely on the organizational adoption of BA, using the TOE framework as the underlying theoretical lens. Although this approach provides a comprehensive examination of the factors that likely influence the adoption of BA in organizations, it limits the generalizability of findings to other contexts and theoretical perspectives. Other theoretical frameworks or theories could provide additional insights into the organizational adoption of BA, and future studies could consider using multiple theoretical lenses to study this phenomenon. Second, the review is confined to empirical studies published in journal articles. The exclusion of other sources of information, such as conference proceedings and books, may result in the loss of potentially valuable insights and perspectives. Future studies could consider including a broader range of sources to provide a more comprehensive literature review. Finally, the review relies solely on the Scopus database as a source of scholarly literature on BA adoption. While Scopus is widely recognized as a valuable source of scientific literature, it may not capture all relevant studies in the field. Future studies could consider using multiple databases and search engines to ensure that all relevant studies are included in the review.








Author Contributions


Conceptualization, O.M.H. and A.S.A.-A.; methodology, O.M.H. and A.S.A.-A.; software, O.M.H. and A.R.A.-S.; validation, O.M.H., A.K. and J.T.; formal analysis, O.M.H. and A.S.A.-A.; investigation, O.M.H.; resources, O.M.H., A.R.A.-S., A.K. and J.T.; data curation, O.M.H. and A.R.A.-S.; writing—original draft preparation, O.M.H.; writing—review and editing, O.M.H. and A.S.A.-A.; visualization, O.M.H., A.S.A.-A., A.R.A.-S., A.K. and J.T.; supervision, O.M.H., A.R.A.-S., A.K. and J.T.; project administration, O.M.H.; funding acquisition A.S.A.-A. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Data Availability Statement


Not applicable.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Liu, S.; Liu, O.; Chen, J. A Review on Business Analytics: Definitions, Techniques, Applications and Challenges. Mathematics 2023, 11, 899. [Google Scholar] [CrossRef]

	



Alaskar, T.H. Innovation Capabilities as a Mediator between Business Analytics and Firm Performance. Sustainability 2023, 15, 5522. [Google Scholar] [CrossRef]

	



Zamani, E.D.; Griva, A.; Conboy, K. Using Business Analytics for SME Business Model Transformation under Pandemic Time Pressure. Inf. Syst. Front. 2022, 24, 1145–1166. [Google Scholar] [CrossRef] [PubMed]

	



Raut, R.D.; Yadav, V.S.; Cheikhrouhou, N.; Narwane, V.S.; Narkhede, B.E. Big data analytics: Implementation challenges in Indian manufacturing supply chains. Comput. Ind. 2021, 125, 103368. [Google Scholar] [CrossRef]

	



Yalcin, A.S.; Kilic, H.S.; Delen, D. The use of multi-criteria decision-making methods in business analytics: A comprehensive literature review. Technol. Forecast. Soc. Chang. 2022, 174, 121193. [Google Scholar] [CrossRef]

	



Akel, A.N.; Paltrinieri, N.; Patriarca, R. Business analytics to advance industrial safety management. In Engineering Reliability and Risk Assessment; Elsevier: Amsterdam, The Netherlands, 2023; pp. 201–214. [Google Scholar] [CrossRef]

	



Schmitt, M. Deep learning in business analytics: A clash of expectations and reality. Int. J. Inf. Manag. Data Insights 2023, 3, 100146. [Google Scholar] [CrossRef]

	



Chen, Y.; Sun, E.W.; Lin, Y. Merging anomalous data usage in wireless mobile telecommunications: Business analytics with a strategy-focused data-driven approach for sustainability. Eur. J. Oper. Res. 2020, 281, 687–705. [Google Scholar] [CrossRef]

	



Shi, Y.; Cui, T.; Liu, F. Disciplined autonomy: How business analytics complements customer involvement for digital innovation. J. Strateg. Inf. Syst. 2022, 31, 101706. [Google Scholar] [CrossRef]

	



Piot-Lepetit, I.; Nzongang, J. Business Analytics for Managing Performance of Microfinance Institutions: A Flexible Management of the Implementation Process. Sustainability 2021, 13, 4882. [Google Scholar] [CrossRef]

	



Aydiner, A.S.; Tatoglu, E.; Bayraktar, E.; Zaim, S.; Delen, D. Business analytics and firm performance: The mediating role of business process performance. J. Bus. Res. 2019, 96, 228–237. [Google Scholar] [CrossRef]

	



Pramod, B.; Shadaab, K.; Beesetty, Y.; Vineet, K. Business Analytics Software Market Share|Forecast—2030. Allied Market Research. February 2022. Available online: https://www.alliedmarketresearch.com/business-analytics-software-market (accessed on 23 March 2023).

	



Bany Mohammad, A.; Al-Okaily, M.; Al-Majali, M.; Masa’deh, R. Business Intelligence and Analytics (BIA) Usage in the Banking Industry Sector: An Application of the TOE Framework. J. Open Innov. 2022, 8, 189. [Google Scholar] [CrossRef]

	



Nam, D.; Lee, J.; Lee, H. Business analytics adoption process: An innovation diffusion perspective. Int. J. Inf. Manag. 2019, 49, 411–423. [Google Scholar] [CrossRef]

	



Min, H.; Joo, H.; Choi, S. Success Factors Affecting the Intention to Use Business Analytics: An Empirical Study. J. Bus. Anal. 2021, 4, 77–90. [Google Scholar] [CrossRef]

	



Lutfi, A.; Alrawad, M.; Alsyouf, A.; Almaiah, M.A.; Al-Khasawneh, A.; Al-Khasawneh, A.L.; Alshira’h, A.F.; Alshirah, M.H.; Saad, M.; Ibrahim, N. Drivers and impact of big data analytic adoption in the retail industry: A quantitative investigation applying structural equation modeling. J. Retail. Consum. Serv. 2023, 70, 103129. [Google Scholar] [CrossRef]

	



Conboy, K.; Mikalef, P.; Dennehy, D.; Krogstie, J. Using business analytics to enhance dynamic capabilities in operations research: A case analysis and research agenda. Eur. J. Oper. Res. 2020, 281, 656–672. [Google Scholar] [CrossRef]

	



Ali, O.; Murray, P.; Muhammed, S.; Dwivedi, Y.K.; Rashiti, S. Evaluating Organizational Level IT Innovation Adoption Factors among Global Firms. J. Innov. Knowl. 2022, 7, 100213. [Google Scholar] [CrossRef]

	



Puklavec, B.; Oliveira, T.; Popovič, A. Understanding the determinants of business intelligence system adoption stages. Ind. Manag. Data Syst. 2018, 118, 236–261. [Google Scholar] [CrossRef]

	



Badi, S.; Ochieng, E.; Nasaj, M.; Papadaki, M. Technological, organizational and environmental determinants of smart contracts adoption: UK construction sector viewpoint. Constr. Manag. Econ. 2020, 39, 36–54. [Google Scholar] [CrossRef]

	



Maroufkhani, P.; Wan Ismail, W.K.; Ghobakhloo, M. Big data analytics adoption model for small and medium enterprises. J. Sci. Technol. Policy Manag. 2020, 11, 483–513. [Google Scholar] [CrossRef]

	



Park, J.; Kim, Y. Factors Activating Big Data Adoption by Korean Firms. J. Comput. Inf. Syst. 2021, 61, 285–293. [Google Scholar] [CrossRef]

	



Janiesch, C.; Dinter, B.; Mikalef, P.; Tona, O. Business analytics and big data research in information systems. J. Bus. Anal. 2022, 5, 1–7. [Google Scholar] [CrossRef]

	



Pinder, J.P. Introduction to Business Analytics Using Simulation, 2nd ed.; Academic Press: Cambridge, MA, USA, 2022. [Google Scholar]

	



Chong, L.Y.Q.; Lim, T.T. Pull and Push Factors of Data Analytics Adoption and Its Mediating Role on Operational Performance. Sustainability 2022, 14, 7316. [Google Scholar] [CrossRef]

	



Ashrafi, A.M.; Ravasan, A.Z.; Trkman, P.; Afshari, S. The role of business analytics capabilities in bolstering firms’ agility and performance. Int. J. Inf. Manag. 2019, 47, 1–15. [Google Scholar] [CrossRef]

	



Sun, Z.; Pambel, F.; Wu, Z. The Elements of Intelligent Business Analytics; IGI Global: Hershey, PA, USA, 2022; pp. 1–20. [Google Scholar] [CrossRef]

	



Rana, N.P.; Chatterjee, S.; Dwivedi, Y.K.; Akter, S. Understanding dark side of artificial intelligence (AI) integrated business analytics: Assessing firm’s operational inefficiency and competitiveness. Eur. J. Inf. Syst. 2021, 31, 364–387. [Google Scholar] [CrossRef]

	



Cunha, J.; Duarte, R.; Guimarães, T.; Quintas, C.; Santos, M.F. Blockchain analytics in healthcare: An Overview. Procedia Comput. Sci. 2022, 201, 708–713. [Google Scholar] [CrossRef]

	



Shah, T.H. Big Data Analytics in Higher Education. In Research Anthology on Big Data Analytics, Architectures, and Applications; IGI Global: Hershey, PA, USA, 2022; pp. 1275–1293. [Google Scholar] [CrossRef]

	



Vaghela, D.B. Introduction to Big Data and Business Analytics. Research Anthology on Big Data Analytics, Architectures, and Applications; IGI Global: Hershey, PA, USA, 2022; pp. 67–76. [Google Scholar] [CrossRef]

	



Chen, Y.; Sun, E.W.; Chang, M.; Lin, Y. Pragmatic real-time logistics management with traffic IoT infrastructure: Big data predictive analytics of freight travel time for Logistics 4.0. Int. J. Prod. Econ. 2021, 238, 108157. [Google Scholar] [CrossRef]

	



Chen, C.Y.T.; Sun, E.W.; Chang, M.; Lin, Y. Enhancing travel time prediction with deep learning on chronological and retrospective time order information of big traffic data. Ann. Oper. Res. 2023. [Google Scholar] [CrossRef]

	



Bayrak, T. A framework for decision makers to design a business analytics platform for distributed organizations. Technol. Soc. 2021, 67, 101747. [Google Scholar] [CrossRef]

	



Ahmad, M.O.; Ahmad, I.; Rana, N.P.; Khan, I.S. An Empirical Investigation on Business Analytics in Software and Systems Development Projects. Inf. Syst. Front. 2023, 25, 917–927. [Google Scholar] [CrossRef]

	



Oesterreich, T.D.; Anton, E.; Teuteberg, F. What translates big data into business value? A meta-analysis of the impacts of business analytics on firm performance. Inf. Manag. 2022, 59, 103685. [Google Scholar] [CrossRef]

	



Perdana, A.; Lee, H.K.; Arisandi, D.; Koh, S. Accelerating data analytics adoption in small and mid-size enterprises: A Singapore context. Technol. Soc. 2022, 69, 101966. [Google Scholar] [CrossRef]

	



Oesterreich, T.D.; Anton, E.; Teuteberg, F.; Dwivedi, Y.K. The role of the social and technical factors in creating business value from big data analytics: A meta-analysis. J. Bus. Res. 2022, 153, 128–149. [Google Scholar] [CrossRef]

	



Arunachalam, D.; Kumar, N.; Kawalek, J.P. Understanding big data analytics capabilities in supply chain management: Unravelling the issues, challenges and implications for practice. Transp. Res. Part E Logist. Transp. Rev. 2018, 114, 416–436. [Google Scholar] [CrossRef]

	



Yin, J.; Fernandez, V. A systematic review on business analytics. J. Ind. Eng. Manag. 2020, 13, 283. [Google Scholar] [CrossRef]

	



Zhang, J.Z.; Srivastava, P.R.; Sharma, D.; Eachempati, P. Big data analytics and machine learning: A retrospective overview and bibliometric analysis. Expert Syst. Appl. 2021, 184, 115561. [Google Scholar] [CrossRef]

	



Duan, L.; Xiong, Y. Big data analytics and business analytics. J. Manag. Anal. 2015, 2, 1–21. [Google Scholar] [CrossRef]

	



Sun, Z.; Strang, K.; Firmin, S. Business Analytics-Based Enterprise Information Systems. J. Comput. Inf. Syst. 2015, 57, 169–178. [Google Scholar] [CrossRef]

	



Khan, A.; Talukder, M.S.; Islam, Q.T.; Islam, A.N. The impact of business analytics capabilities on innovation, information quality, agility and firm performance: The moderating role of industry dynamism. VINE J. Inf. Knowl. Manag. Syst. 2022. ahead-of-print. [Google Scholar] [CrossRef]

	



Kristoffersen, E.; Mikalef, P.; Blomsma, F.; Li, J. The effects of business analytics capability on circular economy implementation, resource orchestration capability, and firm performance. Int. J. Prod. Econ. 2021, 239, 108205. [Google Scholar] [CrossRef]

	



Shi, Y. Advances in Big Data Analytics: Theory, Algorithms and Practices, 1st ed.; Springer: Berlin/Heidelberg, Germany, 2022. [Google Scholar]

	



Kitchenham, B.; Brereton, O.P.; Budgen, D.; Seed, P.T.; Bailey, J.E.; Linkman, S. Systematic literature reviews in software engineering—A systematic literature review. Inf. Softw. Technol. 2009, 51, 7–15. [Google Scholar] [CrossRef]

	



Collins, C.M.; Dennehy, D.; Conboy, K.; Mikalef, P. Artificial intelligence in information systems research: A systematic literature review and research agenda. Int. J. Inf. Manag. 2021, 60, 102383. [Google Scholar] [CrossRef]

	



Page, M.J.; McKenzie, J.E.; Bossuyt, P.M.; Boutron, I.; Hoffmann, T.C.; Mulrow, C.D.; Shamseer, L.; Tetzlaff, J.M.; Akl, E.A.; Brennan, S.E.; et al. The PRISMA 2020 statement: An updated guideline for reporting systematic reviews. Syst. Rev. 2021, 10, 89. [Google Scholar] [CrossRef] [PubMed]

	



Ali, O.; Abdelbaki, W.; Shrestha, A.; Elbasi, E.; Alryalat, M.A.A.; Dwivedi, Y.K. A systematic literature review of artificial intelligence in the healthcare sector: Benefits, challenges, methodologies, and functionalities. J. Innov. Knowl. 2023, 8, 100333. [Google Scholar] [CrossRef]

	



Sadoughi, F.; Ali, O.; Erfannia, L. Evaluating the factors that influence cloud technology adoption—Comparative case analysis of health and non-health sectors: A systematic review. Health Inform. J. 2020, 26, 1363–1391. [Google Scholar] [CrossRef] [PubMed]

	



Paul, J.; Lim, W.M.; O’Cass, A.; Hao, A.W.; Bresciani, S. Scientific procedures and rationales for systematic literature reviews (SPAR-4-SLR). Int. J. Consum. Stud. 2021, 45, O1–O16. [Google Scholar] [CrossRef]

	



Wohlin, C. Guidelines for snowballing in systematic literature studies and a replication in software engineering. In Proceedings of the 18th International Conference on Evaluation and Assessment in Software Engineering, London, UK, 13–14 May 2014. [Google Scholar] [CrossRef]

	



Lutfi, A.; Al-Khasawneh, A.L.; Almaiah, M.A.; Alshira’h, A.F.; Alshirah, M.H.; Alsyouf, A.; Alrawad, M.; Al-Khasawneh, A.; Saad, M.; AlAli, R. Antecedents of Big Data Analytic Adoption and Impacts on Performance: Contingent Effect. Sustainability 2022, 14, 15516. [Google Scholar] [CrossRef]

	



Marchena Sekli, G.F.; De La Vega, I. Adoption of Big Data Analytics and Its Impact on Organizational Performance in Higher Education Mediated by Knowledge Management. J. Open Innov. Technol. Mark. Complex. 2021, 7, 221. [Google Scholar] [CrossRef]

	



Yadegaridehkordi, E.; Nilashi, M.; Shuib, L.; Hairul Nizam Bin Md Nasir, M.; Asadi, S.; Samad, S.; Fatimah Awang, N. The impact of big data on firm performance in hotel industry. Electron. Commer. Res. Appl. 2020, 40, 100921. [Google Scholar] [CrossRef]

	



Bhatiasevi, V.; Naglis, M. Elucidating the determinants of business intelligence adoption and organizational performance. Inf. Dev. 2020, 36, 78–96. [Google Scholar] [CrossRef]

	



Ramanathan, R.; Philpott, E.; Duan, Y.; Cao, G. Adoption of business analytics and impact on performance: A qualitative study in retail. Prod. Plan. Control 2017, 28, 985–998. [Google Scholar] [CrossRef]

	



Chen, D.L.; Preston, D.C.; Swink, M. How the Use of Big Data Analytics Affects Value Creation in Supply Chain Management. J. Manag. Inf. Syst. 2015, 32, 4–39. [Google Scholar] [CrossRef]

	



Jum’a, L.; Ikram, M.; Alkalha, Z.; Ala’raj, M. Do Companies Adopt Big Data as Determinants of Sustainability: Evidence from Manufacturing Companies in Jordan. Glob. J. Flex. Syst. Manag. 2022, 23, 479–494. [Google Scholar] [CrossRef]

	



Lutfi, A.; Alsyouf, A.; Almaiah, M.A.; Alrawad, M.; Abdo, A.I.; Al-Khasawneh, A.L.; Ibrahim, N.K.; Saad, M. Factors Influencing the Adoption of Big Data Analytics in the Digital Transformation Era: Case Study of Jordanian SMEs. Sustainability 2022, 14, 1802. [Google Scholar] [CrossRef]

	



Truong, N. Factors Affecting Big Data Adoption: An Empirical Study in Small and Medium Enterprises in Vietnam. Int. J. Asian Bus. Inf. Manag. 2022, 13, 1–21. [Google Scholar] [CrossRef]

	



Jaradat, Z.; Al-Dmour, A.; Alshurafat, H.; Al-Hazaima, H.; Shbail, M.O.A. Factors influencing business intelligence adoption: Evidence from Jordan. J. Decis. Syst. 2022, 1–21. [Google Scholar] [CrossRef]

	



Youssef, M.a.E.; Eid, R.; Agag, G. Cross-national differences in big data analytics adoption in the retail industry. J. Retail. Consum. Serv. 2022, 64, 102827. [Google Scholar] [CrossRef]

	



Baig, M.I.; Shuib, L.; Yadegaridehkordi, E. A Model for Decision-Makers’ Adoption of Big Data in the Education Sector. Sustainability 2021, 13, 13995. [Google Scholar] [CrossRef]

	



Alaskar, T.H.; Mezghani, K.; Alsadi, A.K. Examining the adoption of Big data analytics in supply chain management under competitive pressure: Evidence from Saudi Arabia. J. Decis. Syst. 2021, 30, 300–320. [Google Scholar] [CrossRef]

	



Owusu, A. Determinants of Cloud Business Intelligence Adoption Among Ghanaian SMEs. Int. J. Cloud Appl. Comput. 2020, 10, 48–69. [Google Scholar] [CrossRef]

	



Sun, S.; Hall, D.J.; Cegielski, C.G. Organizational intention to adopt big data in the B2B context: An integrated view. Ind. Mark. Manag. 2020, 86, 109–121. [Google Scholar] [CrossRef]

	



Verma, S.; Chaurasia, S.S. Understanding the Determinants of Big Data Analytics Adoption. Inf. Resour. Manag. J. 2019, 32, 1–26. [Google Scholar] [CrossRef]

	



Lai, Y.; Sun, H.; Ren, J. Understanding the determinants of big data analytics (BDA) adoption in logistics and supply chain management. Int. J. Logist. Manag. 2018, 29, 676–703. [Google Scholar] [CrossRef]

	



Rouhani, S.; Ravasan, A.Z.; Ashrafi, A.M.; Afshari, S. Business Intelligence Systems Adoption Model. J. Organ. End User Comput. 2018, 30, 43–70. [Google Scholar] [CrossRef]

	



Gangwar, H. Understanding the Determinants of Big Data Adoption in India. Inf. Resour. Manag. J. 2018, 31, 1–22. [Google Scholar] [CrossRef]

	



Boonsiritomachai, W.; McGrath, G.M.; Burgess, S. Exploring business intelligence and its depth of maturity in Thai SMEs. Cogent Bus. Manag. 2016, 3, 1220663. [Google Scholar] [CrossRef]

	



Chaurasia, S.S.; Verma, S. Strategic determinants of big data analytics in the AEC sector: A multi-perspective framework. Constr. Econ. Build. 2020, 20, 63–81. [Google Scholar] [CrossRef]

	



Verma, S.; Bhattacharyya, S.S. Perceived strategic value-based adoption of Big Data Analytics in emerging economy. J. Enterp. Inf. Manag. 2017, 30, 354–382. [Google Scholar] [CrossRef]

	



Kim, M.; Park, J. Identifying and prioritizing critical factors for promoting the implementation and usage of big data in healthcare. Inf. Dev. 2017, 33, 257–269. [Google Scholar] [CrossRef]








[image: Bdcc 07 00125 g001 550] 





Figure 1. Systematic review stages. Adopted from Ali et al. [50]. 
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Figure 2. PRISMA flow diagram for systematic review. 
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Figure 3. Publications by years from 2012 to 2022. 
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Figure 4. Distribution of articles by sector. 
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Figure 5. Distribution of articles by country. 
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Figure 6. Distribution of articles by research approach. 
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Figure 7. Research classification framework. 
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Table 1. Research selection criteria.






Table 1. Research selection criteria.





	Criteria
	Inclusion
	Exclusion
	Rationale





	Type of publication
	Journal articles 1
	Other types of publications, such as conference papers, books, and dissertations
	To ensure that the publications met the standards of academic rigor and had undergone peer review.



	Publication year
	2012–2022
	Publications prior to 2012 and after 2022
	To ensure that the literature is relevant and up-to-date for observing trends in the rapidly changing field of technology.



	Language
	English
	Non-English
	English is the official language in academic publishing.







1 To ensure that the included studies were relevant to the research question, we limited our search to empirical journal articles in the BA domain that utilized the TOE framework as their main theoretical framework. This approach allowed us to focus on studies that examined the adoption of BA technologies within organizational contexts.
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Table 2. Technological dimension.






Table 2. Technological dimension.





	Technological Factors
	Brief Description
	References





	Relative Advantage
	The degree to which technology is perceived as superior over other existing technologies utilized in business, alongside the anticipated benefits, including the operational and strategic advantage it confers upon the organization.
	[19,21,22,54,56,59,60,61,62,63,64,65,66,67,68,69,70,71,72,73]



	Compatibility
	The degree to which a BA is perceived as being consistent and congruent with an organization’s existing systems, as well as its alignment with their values, experiences, and needs.
	[21,22,25,54,55,56,57,59,61,62,63,64,65,66,67,69,72,73,74,75]



	Complexity
	The degree of difficulty BA users perceive in terms of understanding and usability.
	[21,22,55,56,59,61,62,63,64,65,66,67,69,70,71,72,73,74,75]



	IT Infrastructure
	The ensemble of technological components, including hardware, software, networks, and other related components required to support an organization’s computational needs.
	[13,14,57,58,60,65,68,74,75,76]



	Technology Competence
	The ability of members of an organization to adopt, integrate, and use BA in their operations or activities. It entails having the necessary knowledge and skills to leverage technology effectively.
	[14,57,58,60,64,67,68,69,73,74,75]



	Security and Privacy
	BA adoption may accompany risks, particularly those aimed at preventing its adoption, such as third parties’ tools and assistance. The aforementioned involves measures and controls to protect digital assets and individuals’ personal information from unauthorized access, use, theft, or damage.
	[21,22,25,61,62,64,72,76]



	Data Quality
	The degree of accessibility, consistency, and completeness of data needed for conducting analytics.
	[13,14,22,25,62,63,70,76]



	Cost-Effectiveness
	The extent to which the benefits of adopting a BA technology outweigh its associated costs.
	[19,71]



	Trialability
	The extent to which BA technology can be tried prior to adoption.
	[21,25]



	Observability
	The extent to which the results of BA technology are visible to potential adopters.
	[21]
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Table 3. Organizational dimension.
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	Organizational Factors
	Brief Description
	References





	Top Management Support
	The degree to which upper management understands and values the technological capabilities associated with BA adoption. This process involves fostering a positive atmosphere and allocating sufficient resources to promote its adoption.
	[13,14,19,21,22,25,54,55,56,57,58,59,60,61,62,64,65,66,68,69,70,72,74,75]



	Organizational Readiness
	The willingness of the organization to adopt and effectively utilize BA. It is typically determined by several factors, such as adequate financial resources and an allocated budget for IT, an appropriate level of IT infrastructure, and the availability of skilled personnel capable of effectively implementing and using BA technology.
	[19,21,25,54,55,56,59,61,62,65,66,67,70,71,73,75,76]



	Firm Size
	It is typically measured in terms of annual revenue and employee count. Large firms are known to possess a greater capacity for technological investment owing to their annual revenue and the number of skilled personnel who might support BA adoption.
	[60,64,67,68,71,72,74]



	Organizational Data Environment
	The organization’s capacity to obtain access to previously inaccessible information and minimize errors during the information retrieval process.
	[19,55,69,75]



	Project Champion
	A management-level individual who actively promotes and supports the adoption and implementation of BA and has in-depth knowledge of the organization’s business processes and BA.
	[13,19]



	Rational decision-making culture
	An organizational culture that prioritizes the testing and assessment of quantitative evidence in the decision-making process. Such culture promotes the utilization of data and information to support work processes and perform analyses using state-of-the-art techniques.
	[14,19,64]



	Organizational Structure
	The organizational structure for decision-making. It can be either centralized or decentralized. A centralized organizational structure provides a well-defined hierarchy of authority, whereas a decentralized organizational structure allows for greater creativity and collaboration.
	[14,58]



	Organization Strategy
	A business strategy (i.e., prospector) that emphasizes innovation and growth. It entails organizations taking risks and exploring new markets or technologies by investing in R&D to create new products or services that can lead to new market opportunities. This strategy is appropriate for businesses that operate in highly dynamic environments where technological innovations frequently disrupt the industry.
	[58,71]
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Table 4. Environmental dimension.






Table 4. Environmental dimension.





	Environmental Factors
	Brief Description
	References





	Competitive Pressure
	The extent to which competitors influence an organization’s decision to adopt innovative technologies. Early technology adopters typically have a first-mover advantage in a given industry.
	[13,14,21,25,55,56,57,58,59,60,61,64,65,66,67,68,69,70,71,72,73,74,75]



	External Support
	The degree of support provided by vendors or third parties for utilizing and carrying out technology-based solutions, such as consultation, training, or technical support, to assist organizations in overcoming the challenges associated with technology adoption.
	[19,21,25,55,56,57,58,62,64,72,73]



	Government Regulation
	Government rules and policies concerning technology adoption may involve incentives, technological standards, or legislation. Such regulations can either encourage or impede its adoption.
	[13,14,21,54,58,60,61,65,67,68,70,74,76]



	Trading Partner Readiness
	Trading partners seeking to adopt technology may have the power and influence to exert pressure on their counterparts. Observing a trading partner’s adoption of technological innovation may prompt an organization to adopt the same or similar innovation to demonstrate its ability to maintain a strong business partnership.
	[60,68,69,75]



	Relationship Assets
	The benefits an organization can derive from its pre-existing relationships with customers, consultants, suppliers, partners, and other stakeholders can facilitate the adoption of technological innovations.
	[58,75]



	Industry Type
	The degree to which sector that the organization belongs adopts technology in its operations, activities and provision of services.
	[58,75]
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