

  sustainability-10-03734




sustainability-10-03734







Sustainability 2018, 10(10), 3734; doi:10.3390/su10103734




Article



A Conceptual Framework for Assessing an Organization’s Readiness to Adopt Big Data



Celina M. Olszak *[image: Orcid] and Maria Mach-Król[image: Orcid]





Department of Business Informatics, University of Economics in Katowice, 1 Maja 50, 40-287 Katowice, Poland









*



Correspondence: celina.olszak@ue.katowice.pl; Tel.: +48-501-260-509







Received: 11 September 2018 / Accepted: 15 October 2018 / Published: 17 October 2018



Abstract

:

The main aim of this paper is to provide a theoretically and empirically grounded discussion on big data and to propose a conceptual framework for big data based on a temporal dimension. This study adopts two research methods. The first research method is a critical assessment of the literature that aims to identify the concept of big data in organizations. This method is composed of a search for source materials, the selection of the source materials, and their analysis and synthesis. It has been used to develop a conceptual framework for assessing an organization’s readiness to adopt big data. The purpose of the second research method is to provide an initial verification of the developed framework. This verification consisted of conducting qualitative research with the use of an in-depth interview in 15 selected organizations. The main contribution of this study is the Temporal Big Data Maturity Model (TBDMM) framework, which can help to measure the current state of an organization’s big data assets, and to plan their future development with respect to sustainability issues. The proposed framework has been built over a time dimension as a fundamental internal structure with the goal of providing a complete means for assessing an organization’s readiness to process the temporal data and knowledge that can be found in modern information sources. The proposed framework distinguishes five maturity levels: atemporal, pre-temporal, partly temporal, predominantly temporal, and temporal, which are used to evaluate data/knowledge, information technology (IT) solutions, functionalities offered by IT solutions, and the sustainable development context.






Keywords:


big data; maturity model; temporal analytics; advanced business analytics












1. Introduction


In recent years, the source of power has shifted from land, finance, and capital to information and knowledge [1]. Organizations can use information: (1) to collect information about competitors, customers, suppliers, industries, and governments; (2) to collect and analyze background information, such as information about technology, politics, and society; (3) to observe the changing business environment and keep track of trends; and (4) to monitor the trends of suppliers of materials, exporting nations, and competitors. Historically, organizations have stored and explored internal information in order to better understand their business processes and to improve their decision-making on an operational and tactical level [2]. Recently, organizations have started to analyze the external information that comes from different dispersed information sources; e.g., from competitors, industries, government, administration, and healthcare [3,4]. In this respect, the study of big data is highly important. On the other hand, practice has shown questionable success from the application of big data. Organizations do not achieve an appropriate degree of benefit from big data usage. The reasons for this failure are not clear and have not been well-investigated. So, there is a need for a more systematic and deliberate study of tools for assessing organizations’ readiness to adopt big data.



The first commonly accepted definitions of big data took into account three Vs: Volume, Velocity, and Variety [5,6,7,8,9]. Then, two other Vs (Veracity and Value) were added to form five Vs [10]. Recently, big data has been characterized by seven Vs: Volume, Velocity, Variety, Veracity, Variability, Visualization, and Value [11]. In the contemporary global economy, the velocity dimension of big data is particularly important, as the speed at which an organization takes action is critical to its gaining a sustainable competitive advantage. Organizations have to respond in almost real time to emergent challenges and opportunities [12]. For this reason, real-time big data analytics has gained importance. Two of the hottest trends for 2018 in big data analytics are real-time data analytics and data visualization [13]. All of the definitions of big data, such as those listed in [11], emphasize big data’s volume, variety, and rate of change (velocity), and reveal at the same time the strong link between big data analytics and new business insights [14]. These analytical procedures may be even called temporal big data analytics; that is, analytics focused on data change and on a time dimension in the domain being analyzed. At the same time, the greatest benefits (as perceived by top management) for a competitive organization come from the use of all data available from inside and outside the organization at the same time; i.e., its integration and then real-time analysis from a holistic viewpoint [13]. A sustainable competitive advantage and sustainable development are becoming more and more dependent on an organization’s ability to manage big data, information, and knowledge [15,16,17]. In this way, advanced data analytics and a sustainable competitive advantage are linked together. Research shows that any organization that is willing to be competitive and innovative must also be self-adjusting, sensitive, and responsive to have continued market relevance and viability/sustainability [18]. Real-time big data analytics is one of the ways to achieve this state.



It is widely recognized that new sources of insight need to be used, as big data analytics is a new enabler of a sustainable competitive advantage. It enables organizations to have improved business efficiency because of its high operational and strategic potential [19]. “Big data analytics (…) has emerged as the new frontier of innovation and competition” [20] (p. 190).



Although there have been numerous studies on big data over the last few years, they have not addressed the essence of temporal big data’s maturity and the design of temporal big data maturity models for assessing an organization’s readiness to adopt big data. They have been mainly focused on static and well-structured information. The issue of the design of a framework for assessing an organization’s readiness to adopt big data based on the temporal dimension has been insufficiently investigated. The research studies are fragmentary and scattered. There is a lack of a comprehensive framework in this respect as well as a lack of examples on how to build and use such a framework in organizations. Moreover, as stated in [21], the existing frameworks are mainly technically focused. There is no maturity framework that addresses both big data adoption based on the temporal dimension and its implications for an organization’s sustainable development issues. On the other hand, the existing maturity models, such as sustainability maturity models and stakeholders’ relationships maturity models, do not address advanced analytics issues in a satisfactory manner. Hence, a comprehensive maturity framework aimed at combining these two perspectives is required.



The main aim of this study is to investigate the issue of big data and to propose a conceptual framework for big data based on the temporal dimension. Temporality in the proposed framework extends and enhances the existing maturity models for big data that have been developed, e.g., by [22,23,24,25,26]. The existing frameworks in fact only take into account the three classical Vs (Volume, Variety, and Veracity) or sometimes five Vs (Volume, Variety, Veracity, Visualization, and Value). The proposed framework also incorporates the sixth and the seventh Vs (Velocity and Variability); thus, it provides a complete toolkit for assessing not only the current state of an organization’s big data assets and its current set of analytical tools, but also the organization’s preparedness for processing this influx of temporal data and/or knowledge that can be found in modern sources of information.



This study adopts two research methods. The first research method is a critical assessment of the literature that aims to identify the concept of big data in organizations. This method is used to develop a conceptual framework for assessing an organization’s readiness to adopt big data. The purpose of the second research method is to provide an initial verification of the developed framework. This verification consists of conducting qualitative research with the use of an in-depth interview in 15 selected organizations.



Our study makes several theoretical contributions to the relevant literature. First, big data (BD) is generally an unexplored field of research. Therefore, the current study contributes to the emerging literature on BD by investigating the issue of BD from a temporal perspective. Second, the current study is one of the rare studies that proposes a framework that would be helpful to measure the current state of an organization’s big data assets and to plan for their future development. Third, this study demonstrates that the proposed framework distinguishes five maturity levels—atemporal, pre-temporal, partly temporal, predominantly temporal, and temporal—that are used to evaluate data/knowledge, information technology (IT) solutions, functionalities offered by IT solutions for organizations, and the sustainable development context. Finally, the current findings provide empirical evidence that the proposed framework may play an important role in the management of organizations.



The structure of the paper is as follows. In Section 2, related work on big data, sustainability, and maturity models is presented and discussed. Section 3 is devoted to the Temporal Big Data Maturity Model (TBDMM) framework. In Section 4, the reception of the TBDMM among managers is presented in detail. Section 5 contains a discussion of the research findings, and Section 6 contains our concluding remarks.




2. Related Work


2.1. Big Data and Sustainability Issues


The interest in analytics in the information systems domain has continued for many years. This is reflected in research that was conducted in the 1980s and 1990s and that referred mainly to Management Information Systems (MIS), Decision Support Systems (DSS), and Enterprise Information Systems (EIS) [2,27,28,29]. The 21st century has been characterized by the development of data warehousing, Online Analytical Processing (OLAP), Business Intelligence (BI), Competitive Intelligence (CI), and big data. The common assumption that underlies these analytical systems is that information that is appropriately acquired, collected, analyzed, integrated, and used may be a critical component in the success of an organization. Analytical systems may help organizations to reach strategic goals, make better decisions, improve business processes, increase profitability, and improve customer satisfaction [29,30,31,32,33]. At the same time, it is emphasized that this challenge becomes more difficult with the constantly increasing volume of information, both internal and external, that is available to an organization.



To better understand the concept of big data, it is worth recalling the basic assumptions that underlie the idea of BI and CI, which represent the most recent stages in the evolution of analytical systems. It is said that BI is focused mainly on acquiring and analyzing internal information; thus, it helps to improve internal business processes and decision-making on an operational and tactical level [2]. CI refers to the collection and exploration of external information that comes from an organization’s environment [3,4]. Organizations believe that external information is as valuable to them (and sometimes even more) as information that comes from their own internal sources. According to many authors, organizations that are able to understand their environment and their competitors and establish competitive management strategies will win in this rapidly globalizing information society [1,28,34]. It has been highlighted [35] that BI cannot replace CI and vice versa. The main aim of BI is to manage an organization’s well-structured internal data and processes. Typical BI tools include reporting, OLAP, data warehouse, and data mining and visualization toolkits. In contrast, data that originates from external sources, which is distinctive of CI, is usually semi-structured and unstructured. Therefore, a strong position in CI requires tools such as advanced data mining, predictive modeling, web mining, text mining, and opinion mining tools. Big data, compared to BI and CI, concerns an even broader spectrum of data and more complex and sophisticated data processing. In general, it is not possible to store and process this kind of data by conventional databases and data analysis techniques [36]. It requires tools and methods that are capable of analyzing and extracting patterns from large-scale data. The rise of big data has been caused by increased data storage capabilities, increased computational processing power, and the availability of huge volumes of data [37]. Big data mainly concerns unstructured information about competitors, customers, and other stakeholders of the organization (Table 1).



A critical analysis of the literature on the subject shows that there is no consensus on the correct interpretation of the term “big data” (Table A1 [38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61] in Appendix A).



Ferguson [56] states that the term “big data” is “associated with the new types of workloads and underlying technologies needed to solve business problems that could not be previously supported due to technology limitations, prohibitive cost, or both”. It has been highlighted that big data is therefore not just about data volumes but about analytical workloads that are associated with some combination of data volume, data velocity, and data variety that may include complex analytics and complex data types. It is believed that big data, when analyzed in combination with traditional organizational data, enables organizations not only to better understand their business, but first of all to change it and to have new sources of revenue, a more competitive position, and greater innovation. The most widely accepted definition of big data is the one by Gartner [5] (cf. Table A1). Gartner stresses the role of big data as a new type of asset, which—if properly addressed—may provide organizations with enhanced insights and better decision-making. In turn, the most extensive definition of big data has been given by [61], which focuses on data heterogeneity, the lack of structure, and the Internet as big data source. When analyzing such data, organizations gain a deeper understanding of the economic environment, which may lead to the creation of a sustainable business and a sustainable competitive advantage.



When analyzing the literature, it should be noticed that the concept of big data may be explained from a technical or an organizational perspective. From a technical point of view, big data means new technologies and tools that make it possible to process huge amounts of data that come from such new sources as sensors, social media, and real-time systems [9,38,39,40,41,42,43,44,45,46,47,48,49,50]. From an organizational point of view, big data means new ways of running a business, of decision making, and of understanding the customers, suppliers, and other stakeholders of organizations [7,8,24,51,52,53,54]. There are also some explanations that take both perspectives into account [5,6,55,56,57,58,59,60]. Some research shows that big data can completely change the functioning of an organization [62]. Recently, the notion of smart data— big data that has been initially preprocessed—has been gaining popularity [63,64]. “Smart data arises by expediently structuring information from big data which then can be used for knowledge advances and decision making” [65].



According to [24,53], big data is a new asset that creates valuable opportunities for organizations. The most outstanding one is creating multidimensional business insights that encompass, inter alia, insights into customers’ interests, passions, affiliations, and associations, product performance recommendations, and location-based insights. In this way, an organization is able to quickly respond to external challenges/trends, to make faster decisions, and to obtain more precise answers from data [43].



It has been highlighted that big data, when explored and analyzed together with traditional organizational data, enables organizations not only to better understand their business, but first of all to change it and to have new sources of revenue, a more competitive position, and greater innovation. Nelson [51] says that the use of big data in organizations will contribute mainly to improving decision-making through crowdsourcing, a better visualization of data and complex relationships, making the reporting and monitoring of business decisions easier, making the detection of complex patterns in data faster, and making the search for information and results easier.



It has been stated that big data enables the creation of innovative business models, products, and services. It gives organizations a way to outperform their competition. This kind of data may be used to achieve a better understanding of an organization’s customers, employees, partners, and operations [39]. Big data may complement BI systems, and provide in-depth insights and predictive analytics on unstructured massive data. Big data provides organizations with a completely new kind of insight with its analyses of social media, images, natural language, and so on. With big data, unstructured web content may be understood and used for predictive analysis. With such possibilities, big data sources may be used for analysis in such areas as decision-making, customer insights, competitive intelligence systems, marketing, and human resources. Customers and competitors are now understood better, and decisions are better, as they are fact-based [66]. Schmarzo [24] gives some examples of new insights that are possible with big data. These are, among others:




	
resource scheduling based on purchase history, buying behaviors, and local weather and events;



	
distribution and inventory optimization given current and predicted buying patterns and local demographic, weather, and events data;



	
integrating analytics directly into products to create “intelligent” products; and



	
insights about customers’ usage patterns, product performance behaviors, and overall market trends.








These insights may be also accompanied by social media analysis when an organization obtains feedback on customers’ needs and expectations concerning current and future products/services. As pointed out in [67], modern organizations face several new megatrends, one of which is globalization. It is, therefore, not sufficient to analyze only the immediate economic environment in order to be competitive; organizations have to also consider globalization processes. One of the current globalization challenges is to ensure the sustainable evolution of human existence in its social, environmental, and economic dimensions. Hence, business value creation must be geared towards sustainability [65]. According to [68], “sustainability is a paradigm for thinking about the future in which environmental, societal, and economic considerations are equitable in the pursuit of an improved lifestyle”, and innovative solutions (such as business models, goods, and services) have to be developed according to this new paradigm. Big data has the potential to transform business processes [69], providing organizations with the opportunity to create new, sustainable business models, and to realize sustainable business value creation in the three sustainability dimensions: economic, social, and environmental [65]. As claimed in [70], these new business models can contribute to solving an environmental or a social problem. It has even been postulated that we treat the big data that is captured and analyzed by organizations as a knowledge commons that will help us to create innovative solutions to various socioeconomic problems [71]. It has also been argued that real-time big data analytics may provide the basis for a more efficient, sustainable, competitive, and productive organization [16]. In this way, temporal big data analytics may link together a successful organization and sustainability. However, there is a lack of a comprehensive framework that links the maturity of an organization’s temporal big data analytics adoption with the sustainable development of an organization. There are some frameworks that address in a detailed manner such questions as sustainability maturity [72,73], stakeholders’ relationships management maturity [74,75], or related concepts, such as learning maturity [76,77] and change management maturity [78]; however, they do not cover big data analytics issues in relation to management questions.



Along with the increasing number of data sources and types, one important challenge that emerges is how to ensure that the analytical results from big data are trustworthy. Research from IBM has shown that one in three managers do not trust the information used in their decision-making processes, and 27% of managers are unsure about the accuracy of the information [79]. The value of insights from big data depends not only on meeting the challenges from the seven Vs. The analytical process also has to ensure that there are solutions to such problems as data quality, data cleansing, real-time analysis and decision-making, parallel and distributed computing, exploratory analysis, and new models for big data computation (to name only a few) [37].



Despite the many potential benefits of big data analytics that were pointed out above, the current level of its take-up is not satisfactory [13]. This is most probably due to the fact that many organizations lack the knowledge that is required to organize and create big data insights and profit from them. The theory of maturity models may provide organizations with methods and guidelines to develop the big data idea.




2.2. Maturity Models


“Maturity” may be defined as “a state of being complete, perfect, or ready” [80]. Cooke-Davies [81] treats the notion of maturity more widely by pointing out that maturity may be graded from extreme immaturity to extreme maturity. Maturity is obtained in the process of improving certain needed tasks and activities. To assess the level of maturity in various domains, so-called maturity models have been proposed by several authors.



According to [80,82], a maturity model allows us to identify the strong and weak points of a domain. Hence, with such a model, it is possible to assess an organization (or part of it) and to describe its current state of development. Many maturity models originate from the popular Capability Maturity Model (CMM). It was proposed in 1991 for a software development process. This was then superseded by Capability Maturity Model Integration (CMMI), which integrates several sub-models concerning various areas of an organization. In CMMI—and also in many of the models that have followed it—the maturity of an area may be placed on one of several maturity levels. A typical set of maturity levels is presented in Figure 1. The main goal of integrating maturity models into an analysis is to codify knowledge on good processes/activities, codify knowledge on which assessment criteria can be brought to bear on the issue, and to elaborate upon a systematized way of assessing a domain [83].



Generally speaking, any maturity model falls into one of the following categories [85]:




	
descriptive: used to determine an organization’s level of maturity;



	
prescriptive: describing a desired state and assessing an organization’s distance to it;



	
transitive: determining the steps that an organization must follow to reach the desired state.








As has already been highlighted, the current set of maturity models were first set up for process management and software development, but the ability of these models to be adapted for other domains has caused their popularity to spread. Hence, maturity models can also be used for the assessment of an organization’s ability and capability to make use of big data.




2.3. Maturity Models for Big Data


Researchers have most commonly proposed to use the classical CMM and/or CMMI models to assess an organization’s capability to adopt big data. Such an approach is presented in [86]. Spaletto [87] proposes to use the CMM to assess an organization’s big data strategy and standards of data growth management. Such an approach would enable us to identify effective strategies for managing exponential data growth.



The authors in [88] propose the use of CMMI and/or Software Process Improvement and Capability Determination (SPICE) models to assess web engineering systems, because, when using them, one may consider also the latest trends, such as cloud computing, that are closely linked to big data. Hence, it would be possible to adapt this approach in order to investigate an organization’s maturity in big data adoption.



The SaaS maturity model proposed in [89] may be used to measure the big data maturity of an organization. This is because any organization capable of using SaaS is also capable of using big data. These authors assess maturity in the context of service components and link them to the levels of maturity.



The first model designed to measure the maturity level of an organization in the context of big data analytics has been proposed by The Data Warehouse Institute (TDWI). TDWI’s Big Data Maturity Model describes the steps that every organization has to follow while undertaking big data initiatives. The model shows how an organization can transform itself to fully profit from big data, and is composed of five levels [22]: nascent, pre-adoption, early adoption, corporate adoption, and mature/visionary.



Radcliffe Advisory Services [23] proposes a Big Data Maturity Model that aims to arrange the notions that are connected to big data, assess the current state of an organization, and build a vision for the use of big data in the future. The model is similar to other maturity models, and is composed of six levels: five main ones and an additional one, which is described as “level 0” (“In the Dark”), where organizations do not even realize that big data exists. The main levels are called Catching up, First Pilot(s), Tactical Value, Strategic Leverage, and Optimize and Extend. The Radcliffe model is rather general, and the company offers only a set of big data hints to help organizations pass through all of the maturity levels [90].



Schmarzo [24] proposed the Big Data Business Model Maturity Index as a tool for assessing the maturity of a business model in the context of big data usage. As Schmarzo claims, organizations may use this index to:




	
obtain information on their stage of use of advanced big data analytics, on their value creation process, and on their business models; that is, obtain information on their current state;



	
identify the desired target state.








Schmarzo’s model is composed of five levels (stages): Business Monitoring, Business Insights, Business Optimization, Data Monetization, and Business Metamorphosis. The first three levels are focused on optimizing an organization’s internal business processes. The last two levels are focused on the organization’s environment: its clients and markets.



It has to be noted, however, that none of the abovementioned big data maturity models accommodate the important factor of time, even though the temporal dimension is essential due to big data’s velocity. For this reason, in this paper, a new conceptual framework for assessing an organization’s readiness to adopt big data is proposed. The framework, named the Temporal Big Data Maturity Model (TBDMM), explicitly incorporates the temporal dimension. Temporality in the proposed maturity framework is an element that complements the other models, and enables a full adoption of big data’s seven Vs. The existing models in fact take into account only five Vs (Volume, Variety, Veracity, Visualization, and Value), while the framework proposed in this paper also incorporates the sixth and seventh Vs (Velocity and Variability). In this respect, the new maturity framework is more complete than the existing ones.





3. Framework of the Temporal Big Data Maturity Model (TBDMM)


3.1. Levels of Temporality


The main idea of the proposed framework—to incorporate the time dimension in it—results from several observations. First and foremost, all types of knowledge processed by organizations, such as internal knowledge and knowledge from big data, may be considered temporal. The “temporality” of knowledge is seen in knowledge changes; knowledge is mostly dynamic in nature and evolves in time. Hence, knowledge possesses an explicit time dimension that must not be omitted in order to not lose the temporal characteristics of a domain. In this way, time turns out to be one of the most important aspects of knowledge analytics in organizations.



Second, the time dimension is indispensable for making inferences about areas of interest that are dynamic, such as the economic and competition domains. Such inferences can be performed by intelligent computer systems that mimic human reasoning. Hence, data, knowledge, and reasoning may be considered at different levels of temporality.



Regarding the time dimension, there can be the following types of data:




	
static data: this data does not contain any temporal context, nor can this context be inferred from it;



	
sequences: ordered sequences of static data with no direct time stamps (relative ordering, such as “earlier” or “later”);



	
time-stamped sequences: sequences of static data stamped with time, which are collected in regular or irregular intervals; and



	
fully temporal data: data that contains at least one time dimension; e.g., valid time or transaction time.








Knowledge temporality levels are similar, and may be characterized as follows:




	
static knowledge: this knowledge does not contain any temporal context, nor can this context be inferred from it. An example of such knowledge is the sentence: “Every organization has to conform to legal rules”;



	
sequences: ordered sequences of events with no direct time stamps. These may be, e.g., events ordered by Allen’s temporal relations [91]. An example of sequential knowledge may concern the legal domain; namely, the sequential knowledge about a law-creating process: passing a law → signing of the law by the President → publishing the law;



	
time-stamped knowledge: static knowledge that has been extended with time stamps (an example of which is a description of a license issuing process: Application for a license → decision → valid period of the license); and



	
fully temporal knowledge: knowledge that possesses at least one time dimension, e.g., knowledge on the varying prices of shares.








Depending on the type of data and knowledge, different reasoning rules may be applied:




	
static rules: rules with no time context;



	
temporally extended static rules; e.g., temporal descriptive rules; and



	
rules that are proper to fully temporal knowledge; e.g., causal detection rules and temporal data mining rules.








As for the levels of temporality, all types of big data fall into the category of fully temporal data. However, as regards the various types of big data, it is also possible to discuss them in a temporal logic structure context. Big data differs depending on the source. These can be click streams, data from mobile and business transactions, user-generated content (UGC), social media data, sensor data, healthcare records, and management and finance data. The most intuitive temporal classification of big data is, therefore, the one that considers the time structure that is used to represent and process the data. Data that is generated periodically, such as financial or management data, may be formalized using point structures, while almost-continuous data flows, such as social media data, may need interval structures or point-interval ones. There is, of course, also the question of time granularity, which will not be discussed in this paper.



The above definitions of various atemporal and temporal types of data, knowledge, and reasoning have been used to develop the levels of the Temporal Big Data Maturity Model. The main assumption regarding the analytical maturity of an organization in the context of temporal big data states that the more mature the organization is, the more temporal solutions it uses in its analytics.




3.2. The Temporal Big Data Maturity Model (TBDMM)


In this paper, the Temporal Big Data Maturity Model (TBDMM) is advocated as a way to establish an organization’s level of maturity in temporal big data analytics. It enables an organization to measure its big data assets and the effectiveness of its current analytical tools and to plan for their evolution. Furthermore, the model intentionally makes use of the time dimension. Therefore, it provides a complete toolkit for gauging an organization’s fitness to process temporal data and/or knowledge. Hence, we propose the new framework as a guide for organizations that are willing to implement temporal big data analytics. With the TBDMM, organizations may be able to plan and execute the steps that are necessary to move from one level (their current state) to another (the desired one). However, to be fully functional, the framework needs to be accompanied by a self-assessment form. Such a form, originating from the characteristics of the subsequent maturity levels, will allow organizations to assess the state of temporal BD analytics in order to plan their subsequent activities.



The framework of the TBDMM comprises five maturity levels that are coordinated by the temporality levels that were discussed in the previous section. The names of the levels are: Atemporal, Pre-Temporal, Partly Temporal, Predominantly Temporal, and Temporal. At each level, the framework evaluates an organization’s maturity against four areas: the data/knowledge from which insights are gained, the IT solutions used for analytics, the functionalities offered by these solutions, and the sustainable development context. Such a four-tier structure reflects the most significant points where an organization’s preparedness to profit from temporal big data analytics is manifested. The numbering of the maturity levels starts with 0 to point out that, at the beginning, an organization does not gain insights from big data nor from temporal data/knowledge. The details of the maturity levels are provided below. The TBDMM model is composed of five levels in order to show the process of change in an organization in an adequately precise manner. Too few levels—e.g., three or four—would fail to capture all of the necessary features and characteristics of the various phases in the process of adopting temporal big data analytics. On the other hand, too many levels—e.g., more than five—would result in the dispersion of detail. The rationale that underlies using exactly five levels is to show the key trends in the path to an organization’s full adoption of temporal big data.



Level 0 (Atemporal): as highlighted above, at Level 0 the data and knowledge that are used for analytics are atemporal in nature. These comprise multidimensional data and static knowledge (as defined in the previous section). Of course, in the OLAP model, a temporal dimension is included; however, at this maturity level, an organization does not make any temporal inferences with such data. What is more, at this level, an organization has no ability to make use of big data. The IT solutions that are enacted at Level 0 cover mainly a data warehouse, a BI system, and a knowledge base system. These allow various functions to be incorporated into an organization’s functions, including performance monitoring, trend analysis, reporting, comparative analysis, benchmarking, and decision support with the use of static rules. Data warehouses and BI systems might not be classified as temporal, because, to date, questions on processes representation, persistence representation, temporal operators in queries, and temporal relations analysis have not been successfully solved. Trend analysis involves a similar picture. Although time series are time-stamped, they do not allow for temporal reasoning. They only record data in predefined time intervals. At Level 0, the organization is able to perform daily reporting from structured data and historical analyses on structured data, and may use some intelligent decision support for daily operations. However, these are only day-to-day insights, and do not provide the organization with the possibility to mine client data, to perform sentiment analysis, or to predict the decisions of an organization’s market competitors. Such basic business analytics on structured data have very little potential to support a sustainable competitive advantage. At this level, any activities that aim to gain such an advantage are not supported properly, and managers mainly rely on their own beliefs to make decisions. At Level 0, sustainability issues are addressed in the organization in an ad-hoc manner. Processes for sustainability support are missing. The same concerns change management. A stakeholder network does not exist; stakeholders (e.g., suppliers and retailers) are selected ad-hoc on a financial basis only, with price as the main factor. Learning and communication issues are not perceived by senior staff to be important, and are not managed. Stakeholder management—if it exists—is performed with simple tools only.



Level 1 (Pre-Temporal): with respect to data/knowledge, an organization that is classified as being at this level makes use of similar structures to those that are listed in Level 0, but has begun making limited use of unstructured data sources (e.g., texts). The knowledge that is gained can now be said to be static or sequential. Additional solutions that are used by the organization to process the data/knowledge sources—apart from the solutions that are used at Level 0—also now include intelligent dashboards and sequential knowledge base systems. These increased abilities lead to the following functionalities becoming available: predictive analytics, advanced statistics, data mining on structured data, and text mining. The possibility to structure knowledge fragments qualitatively with temporal relations, such as “earlier” or “later”, is now available. With the data/knowledge, IT solutions, and IT functionalities that are implemented at Level 1, an organization may gain some deeper insights into its customers by analyzing, e.g., customer relationships management (CRM) data. This provides an organization with, for example, profiles of clients, but they are based only on structured data. An organization is not able to utilize knowledge on clients’ opinions or expectations. At this level, it is also possible to predict changes in the market environment, and consumers’ and competitors’ behavior. Decision support can be based on information about how the knowledge base changes with time. However, this support only reveals the directions of changes and the possible causes and effects of them. Such a level of analytics may give an organization a temporal competitive advantage; however, in the long run, it is not sufficient to maintain a sustainable advantage over competitors. At Level 1, sustainability management is supported by the planning of processes and activities as well as by predictions. Change management uses structured processes, predictions, event processing, and time-series analytics; however, it is still mostly reactive. The organization begins to establish a stakeholder network based on collaboration and BI and DM (Data Mining) insights. Learning occurs on an individual level. The organization may begin efforts to reduce environmental impacts.



Level 2 (Partly Temporal): at this maturity level, data/knowledge may partially be obtained from big data sources. Hence, data sequences, time-stamped data sequences, and time-stamped knowledge are in use. An organization gains insights from these kinds of data/knowledge by implementing business optimization software, time-stamped knowledge systems, and data mining systems. These IT solutions offer the following functionalities: embedded analytics, optimization, scheduling, pattern analysis, advanced data mining, and temporal descriptive reasoning rules. This kind of temporal rule is indispensable for describing the evolution of knowledge and knowledge sources in a reasoning system. At this level, through time-series analytics and business optimization software, it is possible to optimize business processes and market operations. Also possible is a temporal analysis of knowledge on the business environment, which provides an organization with the potential to predict changes in market conditions. Client data can be analyzed in an advanced manner (e.g., market basket analysis and natural groups based on demographic features and former buying decisions); however, these analyses do not contain the time component and are predominantly static. On the other hand, at this partly temporal level of maturity, organizations may implement some elements of temporal reasoning for decision support, and thus obtain insights into changes in clients’ and competitors’ behavior. Also, at this level, basic big data analytics may be implemented; hence, unstructured or semi-structured information on market trends may be added to the analytical landscape. With this form of business analytics, organizations are able to gain a stronger and more durable competitive advantage than on the previous level; however, as they cannot detect real-time changes in big data, it is difficult to obtain a sustainable advantage or sustainable business models. However, sustainability issues are integrated into business operations with the use of advanced IT solutions. Using big data analytics on customer data, the organization will begin to work on enhancing its image concerning the environmental context. Change management is built into other processes, and stakeholders are selected on the basis of quality. The main stakeholder network is based on advanced and structured collaboration processes, while stakeholder management is focused on the sharing of benefits. Customers’ needs are analyzed using advanced DM and some big data analytics. Learning processes in an organization occur at both the individual and the team level. Processes are established to reduce environmental impacts.



Level 3 (Predominantly Temporal): at this level, the temporal dimension starts to dominate in the data/knowledge sources that an organization uses and in the processing of this data/knowledge. Apart from the data sources that are apparent at Level 2, an organization uses temporal big data from sensors and clickstreams. In addition, unstructured knowledge and data, such as legal texts, are brought together and used for analytics. This is possible with Hadoop (and presumably alternative big data tools, such as Spark) and partly temporal knowledge base (KB) systems; that is, KB systems within which only the structured knowledge is temporal, while the unstructured data is not. Text mining and web mining tools are also being taken advantage of. Such IT solutions offer functionalities concerning customer behavior analysis, personalized recommendations, market trends discovery, strategic analysis, temporal query processing, and temporal reasoning on the structured part of the knowledge. In the context of a sustainable competitive advantage or sustainable business models, the predominantly temporal level provides organizations with more knowledge on market conditions and on the competitive environment. Organizations will start to obtain insights from real-time data flow; e.g., clickstreams are analyzed. Also, unstructured knowledge from opinion portals is used; however, organizations cannot track its evolution. Additionally, the knowledge base that is implemented in an organization is temporal. Temporal knowledge representation has many advantages with respect to environmental analysis. Some of these advantages are as follows: the representation of changes, their scope, and the resulting interactions among, e.g., market features; the representation of both discrete and continuous changes; and the representation of changes as processes with causal relationships that are explicitly defined. Temporal knowledge base systems collect experiences concerning the domain being depicted, and thus trace a domain’s evolution and are able to draw new conclusions. Temporal reasoning on temporal knowledge may be qualitative; hence, it may concern complex relationships, descriptive information, or information that is only partially specified. Together with the possibility to model the persistence of notions, it is possible to encode in a temporal system the so-called erudite knowledge of experts. Such rich representation and reasoning possibilities provide organizations with valuable dynamic insights into the market and competitive environment situations. An organization may react to new challenges more quickly and accurately. At this level of maturity, big data analytics may also be implemented, providing broader predictive possibilities because of the intensive use of unstructured data. Decision support systems have a clear time component; e.g., when to bring a new product or service to the market. The competitive advantage of the organization is, therefore, becoming sustainable. Sustainability issues drive the business. The organization turns its attention to advanced and timely analyses of its customers. Sustainability and customer management are supported by temporal knowledge analytics and reasoning. Stakeholders are selected with respect to environmental concerns. The stakeholder network is built upon strong collaboration, consultation, and crowdsourcing. At the same time, stakeholder management is focused on stakeholder engagement. Innovations and creativity are fostered and supported by dynamic management. Communication and knowledge sharing are strongly promoted inside and outside the organization.



Level 4 (Temporal): as the level name suggests, an organization uses temporal big data and temporal knowledge in a mature way. Temporal big data maturity means making use of, e.g., social data; additionally, structured and unstructured temporal knowledge is now taken into account. An organization puts into practice such IT solutions as big data analytics toolkits, temporal knowledge bases, and multiagent systems that obtain social data. The functionalities offered by these IT solutions might include, inter alia, text and opinion mining, sentiment analysis, the discovery of customer usage patterns, a holistic analysis of clients, qualitative and quantitative temporal reasoning, and the representation and analysis of beliefs. At the temporal level, an organization fully incorporates big data in its business analytics, and pays special attention to social media data and real-time information on customers’ opinions. This can be easily added to the temporal knowledge base system even though the real-time big data lack structure. The reach of the representation of data, information, and knowledge from the competitive environment enables advanced temporal analytics, and temporal reasoning, in every area of management. Through real-time insights into the competitive environment, through the early detection of customers’ attitudes and expectations, and through temporal reasoning about the market’s evolution and competitors’ intentions, an organization is able to obtain the advantage of being the first to act on an issue, which may be easily transformed into a sustainable competitive advantage based on a sustainable business model. At the highest maturity level, sustainability is treated and understood as a strategic key concept. The organization advocates for continuous change and improvements. Innovative ideas are fostered and supported by unstructured big data analytics and by the use of the temporal reasoning system. An organization-wide learning environment is established. The stakeholder network is based on creative collaboration, trust, and on knowledge sharing. Hence, stakeholders actively participate in the organization’s life and decision-making processes. Temporal big data analytics is used to explore the competitive environment and to support innovations and creativity. Learning and change management are continuously improved. Sustainability and environmental issues are built into the organization’s strategy.



An illustration of the TBDMM model is presented in Figure 2.



The proposed framework extends the previous maturity models for big data adoption by suggesting that the time factor is to be taken as the primary factor in developing advanced business analytics that are focused on a sustainable competitive advantage. The TBDMM responds precisely to the modern challenges faced by organizations: the need to analyze an unstructured real-time data flow, the need to respond to consumers’ expectations that are expressed in social media discussions, the need to understand changes in competitors’ activities, and finally the need to incorporate the new insights into decision support systems.





4. Reception of the TBDMM


This section presents the results that were obtained from the survey conducted from April 2016 to October 2016. The survey has been aimed at identifying how organizations perform big data analytics (BDA), and hence how the proposed framework fits into their analytics needs. Specifically, the research questions were: what BDA activities are undertaken in the organizations under study, and do the solutions concerning data/knowledge, IT systems, and their functionalities that are incorporated in the new framework respond to these organizations’ analytical needs?



4.1. Research Methodology and Research Sample


The proposed temporal framework for big data has been presented to managers during personal, semi-structured, Computer-Assisted Personal Interviewing (CAPI) interviews. In total, 25 organizations were invited to participate in the research, and 15 of them agreed. Hence, interviews with employees from 15 organizations were done. Formally, the research consisted of a case-study approach with multiple cases. Specifically, the interviews were performed in a two-stage process. At the first stage, all the respondents who agreed to participate in the research were sent the interview questionnaire and given as much time as they needed to fill it in. Then, they returned the questionnaires. During the second stage, personal meetings with each respondent were arranged. During these meetings, the interviews were performed on the basis of the completed questionnaires. The respondents were free to add comments to each question; also, some of the questions were extended and made more precise during the interview. The interviews were recorded using a recording application on a computer, and, after completing all the interviews, they were listened to and transcribed. In this way, the collected data and information set consisted of three subsets: the original completed questionnaires, the recordings, and the transcripts.



In the interview questionnaire, 15 closed and open-ended questions were present. Each respondent’s particulars were covered by seven questions. The research questions referred to:




	
the presence of temporal aspects in analysis and managerial decisions, and their significance;



	
the maturity of the organization;



	
the respondent’s understanding of the term “big data”;



	
the importance of various business analytics types;



	
the data/knowledge, IT solutions, and IT functionalities appropriate for BDA;



	
the respondent’s assessment of their employees’ level of training in the context of BDA;



	
the IT infrastructure and data quality in the organization; and



	
the advantages of, and barriers to, BDA implementation.








The method of purposive sampling was used to select the research sample. Then, the sample was verified with the business activity of the organization, the number of staff members, the average annual turnover during the last three years, and the capital structure as independent variables. Also, such variables as the respondent’s position in the organization, the organization’s sector, and the period of market operation of the organization were used.



The group of organizations was composed of the following sub-groups: eight service organizations, one research and development (R&D) organization, four manufacturing organizations, one banking organization, and one commerce organization.



The research sample can also be divided into the sub-group of medium or large organizations (eight indications), and the sub-group of small organizations (seven indications). No organizations fell into the micro-organization sub-group. The next descriptive feature concerns the financial capital of the organizations under study. Ten organizations were financed with national capital, three with foreign capital, and two with mixed capital.



Taking into consideration the sector of operation, the research sample can be divided into the sub-group of ICT (Information and Communication Technology) production and ICT service/support (three indications), the sub-group of the professional, scientific, and technical sector (four indications), the sub-group of the financial sector (one indication) and the sub-group of other sectors (seven distinct indications).



The interviewed respondents were owners or management board members (eight persons), ICT managers/specialists (two persons), or persons that performed other functions in their organizations, such as technology department managers, advanced analytics managers, SEO (Search Engine Optimization) specialists, and risk assessment managers. The details of the backgrounds of the companies are given in Table A2 in Appendix B.



The research focused on the analytics needs of organizations concerning data/knowledge, IT solutions, and their functionalities. Due to the qualitative nature of the research, it was difficult to precisely define the model’s reception indicators. Hence, attention has been paid to the question of whether respondents recognize the need to use solutions that are incorporated into the new temporal maturity framework (TBDMM).




4.2. Selected Survey Findings


4.2.1. Managers’ Understanding of Temporal Big Data


The first two important questions of the survey concerned managers’ understanding of big data, and the basic assumption of the TBDMM; namely, its explicit time dimension. First, respondents were asked to define the meaning of the “big data” notion. For almost all of the managers (14 persons), big data meant the flow and processing of huge amounts of data that is constantly changing, dispersed, and only loosely coupled. Five persons pointed out difficulties in the processing of such data, in using standard analytical methods, and in searching for dependencies among the data. These people understand big data to be vast datasets on which classical processing and storing methods are ineffective. Also, five persons linked the big data term with such notions as dynamics and variability. Similarly, five persons linked big data with its sources of origin: the internet, social media, cookies, web usage mining, the Internet of Things (IoT), and Google. Two managers pointed out big data’s lack of structure and its irregular flows. Other remarks concerning the big data term were as follows:




	
“people from organizations having no advanced information technology solutions do not know what they mean while using the big data notion”;



	
“big data does not exist, we focus on the analysis of a dataset’s portion”;



	
“big data means creating and validating models based on machine learning tools, and using these models on complete datasets”;



	
“linked heterogeneous datasets owned by various organizations”; and



	
Hadoop, Spark, Cassandra, HBase, and NoSQL.








To verify the time assumption of the TBDMM, respondents were asked to determine how important the time factor is in managerial analysis and decision-making. For 11 of them, time is important, and for 4 of them it is very important. Hence, all of the interviewed managers recognize the temporality of business analytics and decisions. This means that the assumption that the time factor is the key indicator of subsequent maturity levels in the presented framework has been fully justified.




4.2.2. The Data/Knowledge Aspect in the TBDMM


The next area of the survey concerned the data/knowledge that is used by organizations, and the data/knowledge that should be used for advanced business analytics. The majority of the studied organizations (10 indications) does not use big data to gain valuable insights. Five managers indicated the use of customer data, three of them indicated competitors’ data, two managers pointed out social media data, one person indicated suppliers’ data, and one person indicated other stakeholders’ data. As for the quality of data used in the organizations for advanced analytics, three managers assessed it as high quality data, nine persons assessed it as average quality data, two persons assessed it as rather poor quality data, and one person declared that big data is not used for analytics, as there is no need to do it (Figure 3).



It should be noted here that, while only one person who assessed the data quality declared big data to have no use, there were as many as 10 indications in the area of the data being used concern big data (as not being used at all). At first sight this may seem contradictory; however, most probably, this contradiction is due to a poor understanding of the big data notion and its features as discussed in Section 4.2.1.



In the area of the survey concerning the data/knowledge that should be used for BDA, the respondents were presented with a closed set of examples, and asked to express their opinion on each with respect to the solution’s usability. They were also able to add their own remarks on this topic. Figure 4 illustrates how the interviewed managers responded.



As expressed by the respondents, they understood static knowledge to be, e.g., managerial knowledge, models, and expert rules. Almost all of the interviewed persons (14) recognized time-stamped knowledge (such as time-series knowledge) to be indispensable to BDA. However, they indicated that this factor is strictly linked with the industry, and is highly project-dependent. For the majority of managers (12), dynamic (changing) knowledge is essential for BDA. Attention should be also paid to the high position of unstructured data, including social network data. Hence, managers recognize the need to make use of temporal data, including big data. The big data notion was not present in the managers’ comments explicitly; however, as the respondents see the analytics potential of the web, social networks, sensors, click streams, etc., this indicates their interest in big data. Additionally, the respondents were asked to give their opinion on whether advanced BI and big data analytics should be unlimited across the organization, or conducted only in isolated fragments (departments) of the organization. For the majority of the managers (10 indications), such analytics should be limited to isolated fragments of the organization, and, according to five managers, it should be unlimited across the organization.




4.2.3. The IT Solutions Aspect in the TBDMM


The next part of the interview was devoted to the advanced analytic solutions in each organization, its IT infrastructure, and to the BDA solutions that, according to the respondents, should be implemented. The managers were asked about the types of business analytics solutions that are particularly important for their organization. The solutions that were most often indicated were dynamic analysis systems (12 indications) and reporting systems (11 indications). Also, real-time analytics systems were often chosen (nine indications). On the other end of the solutions spectrum, respondents pointed out scoring systems (one indication), risk analysis and decision support systems (three indications), and static analysis systems (understood as simple analytical systems with no time or dynamic aspects, four indications). Information on the respondents’ opinions is given in Figure 5.



Each manager was also asked to evaluate the suitability of their organization’s IT infrastructure for executing advanced business analytics. None of the managers assessed it as “very good” or “very bad”. Seven managers assessed the IT infrastructure’s suitability as “good”; four of them assessed it as “neither good nor bad”; and four of them assessed it as “bad”.



Subsequently, the respondents were asked about what IT solutions their organization should use while preparing BDA. Again, they were presented with a closed set of examples, and asked to express their opinion on each with respect to the solution’s usability for advanced business analytics, including big data analytics. As before, the respondents were able to add their own remarks during the interview. The results are presented in Figure 6.



Almost all of the respondents (13) recognized BI systems as an indispensable tool for BDA. Similarly, almost all of them (14) admitted that using Web mining tools for BDA is very important for organizations. Ten managers recognized that Hadoop and other big data tools (such as Spark) support organizations in performing BDA.



As in the case of analytics sources, among the IT solutions the respondents brought to the forefront were those linked with time and big data. The respondents recognize—in the context of advanced business analytics—the need for and utility of Web/text mining tools, big data analytics tools (Hadoop, Spark), and temporal tools, such as temporal knowledge base systems. This is consistent with previous remarks showing that time and big data need to be taken into consideration in managerial analysis and decisions.




4.2.4. The IT Functionalities Aspect in the TBDMM


The subsequent interview topics concerned the IT functionalities used for advanced business analytics in the studied organizations, and those that should be offered by IT systems if they are to be useful in BDA. The functionalities that were used in the surveyed organizations correspond to the data/knowledge pointed out in the earlier part of the interviews (Section 4.2.2.) and are as follows: customer data analytics (five indications), competitors’ data analytics (three indications), social media analytics (two indications), and suppliers’ data and other stakeholders’ data analytics (one indication each). As for the desired IT functionalities for BDA, the managers were presented again with a closed set of examples, and asked to express their opinion on each with respect to each solution’s usability. The functionalities that were found to be necessary are as follows:




	
multidimensional analytics/BI reporting;



	
data mining and advanced data mining;



	
big data analytics; and



	
temporal inferences (with time as a distinctive feature).








“Advanced data mining” for the interviewed managers meant data mining procedures that go beyond typical data mining (DM) activities (such as clustering, classification, and associations); e.g., temporal data mining. Figure 7 presents the summarized results.



Almost all of the respondents (14 indications) admitted that multidimensional analytics/BI reporting is of extreme importance as an IT functionality supporting advanced business analytics and BDA. The same number of respondents gave such an opinion on data mining. Twelve respondents stated that IT systems should also offer such functionality as event ordering in time (e.g., for events from the economic environment). The description of knowledge changes is an important IT functionality for 10 respondents. Fourteen respondents claimed that IT systems supporting advanced analytics and BDA should offer the functionality of temporal reasoning.



As in the previous areas of the interview, in the area of IT functionalities supporting advanced business analytics and BDA, the most acknowledged functionalities were solutions concerning data mining (including advanced data mining; e.g., temporal data mining) and functionalities concerning the temporal aspect of analytics (the description of changes in knowledge/data, causal analytics of event sequences, automatic temporal reasoning).






5. Discussion. The Sustainable Development Context


All of the respondents perceive an organization’s maturity, in the context of advanced business analytics, to be characterized by identifying business processes, elaborating organizational strategy, and identifying analytics needs. Almost all of them (13 indications) claimed that organizational maturity depends strongly on the completeness and coherence of the data used for analytics. More than a half of the interviewed respondents (eight indications) are convinced that organizations need an appropriate IT infrastructure to perform advanced business analytics and to cooperate with their customers, suppliers, and all other stakeholders. According to four respondents, the analytics maturity of an organization is manifested in employing people with high analytics competency and skills. As these results show, the understanding of an organization’s analytics maturity that the respondents have corresponds partially to the framework of the TBDMM that is proposed in this paper. This correspondence concerns the IT infrastructure, which is perceived as one of the maturity determinants, and at the same time is one of the three fundamental aspects (named IT solutions) in the TBDMM. On the other hand, however, the respondents did not consider big data processing and usage in organizations to be an important step towards analytics maturity (or they did not express this explicitly). This is probably due to the rather poor awareness among managers of big data’s core characteristics as discussed in Section 4.2.1.



The majority of respondents (nine indications) assessed the level of training for employees (their competencies and skills) in their organizations to draw up BDA as good or very good. The rest of the respondents assessed these competencies and skills as unsatisfactory, or even very bad (two indications). In the area of interpretation of the prepared advanced analytical outputs, 10 respondents assessed their employees’ level of training as good (9 indications) or very good (1 indication). However, for five respondents, this level was neither good nor bad (three indications) or “bad” (two indications), which means that this area is in need of special attention.



As for the benefits of big data analytics for organizations, the respondents most frequently pointed to the reliability of insights, allowing for: better decisions, a faster reaction to changes, better quality conclusions, an effective impact on the market, and a faster detection of trends or fluctuations in consumers’ expectations (eight indications). Five respondents named such benefits as gaining detailed insights into market and consumer needs, and understanding clients’ motivations and behaviors, which leads to a sustainable competitive advantage. The optimization of business processes resulting in a profitability increase was recognized as a benefit of BDA by three respondents. Two respondents were convinced that BDA allows for the targeting and accessing of selected consumer groups with a tailored offer. Similarly, two respondents linked BDA with the potential of e-commerce in social media. Other BDA benefits that were pointed out are as follows:




	
the possibility of creating new products and entering new markets;



	
technology cost optimization;



	
the possibility of using new technologies;



	
the prediction of client insolvency risk, and a better understanding of global risks; and



	
easier credit scoring.








The respondents—even if they may not be sure what the term “big data” in fact means (Section 4.2.1.)—are able to sense the most outstanding benefits of BDA. They properly linked BDA with a sustainable competitive advantage, gained through enhanced insights into consumers’ needs, opinions, and desires, that comes from (inter alia) social media and web analysis. This is in line with the IT functionalities aspect in the TBDMM, which encompasses, among other things, functionalities aimed at, e.g., text or web mining.



The respondents also spoke about barriers to the performance of big data analytics. The most often recognized barrier (10 indications) was a lack of qualified data scientists able to analyze and interpret big data. Five respondents pointed out financial barriers, high BDA implementation costs, and a lack of a big data strategy. Similarly, five respondents noticed no understanding or awareness of BDA among businesses. Four managers turned their attention to the low reliability, low quality, and randomness of big data. Three respondents recognized technological barriers. Other barriers to the successful performance of big data analytics that were pointed out by the respondents are as follows:




	
the ROI (Return on Investment) is hard to estimate (two indications);



	
data cleaning and storage issues (two indications);



	
the economy is not mature enough to make use of big data insights;



	
a lack of internal data access procedures;



	
a lack of appropriate hardware; and



	
communication and legal barriers.








The barriers to BDA implementation in organizations, as perceived by the respondents, most generally concern financial and educational questions. It may thus be assumed that organizations in which managers are aware of BDA’s potential benefits would more easily overcome such obstacles as a lack of a big data strategy or a lack of financial support. Once BDA is well-understood and perceived as indispensable in an organization, the proposed TBDMM may be a helpful tool for the successful implementation of BDA.



During the interviews, special attention was paid to the areas (data/knowledge, IT tools, and IT functionalities) that are included in the proposed TBDMM. Special attention was paid to the temporal dimension, but it was also interesting to check whether the elements on the lower levels of the proposed model were perceived as useful and needed.



Comparing the model presented in Figure 2 to the respondents’ answers, it can easily be seen that the managers used almost all of the notions and solutions that are included in all of the maturity levels of the proposed framework. Hence, this justifies the accommodation in the model of the structured, static solutions; i.e., the ones not designed for big data analytics. At the same time, it should be noted that, in the context of advanced business analytics (including big data analytics), the majority of answers concerned temporal solutions and unstructured data. In other words, the more mature (in the context of the effective use of big data analytics) is an organization, the more it is driven by temporal, unstructured sources of data/knowledge, temporal IT tools, and their temporal functionalities.



Summing up the respondents’ statements on their knowledge and needs concerning big data analytics, and comparing them to the proposed temporal maturity model, it may be stated that the model’s reception has been positive and its composition responds to the analytical scope of modern organizations. However, some general differences between industries could be noticed. The respondents from the IT and R&D sectors were the most aware of big data analytics’ potential, its benefits, and its implementation barriers. Also, the respondent from the only light industry manufacturer was among those managers who understood the notion of big data, and the possible value that may be obtained for an organization from BDA. On the other end of the spectrum, the respondents representing the sector of services had the most numerous problems with defining the big data notion, and with assessing BDA’s possible benefits. Surprisingly, one manager from a very large manufacturing organization declared that his organization uses only MS Excel for advanced analytics, and has no need to capture or analyze big data.



As mentioned earlier, the interviews were performed in 2016. This probably explains why the big data notion, and some of the notions linked to it, that are present in the new framework (e.g., unstructured big data analytics) were not understood properly by some of the respondents, especially the non-IT professionals [92]. Also, there were some concerns that were associated with the quality and reliability of the new data. Additionally, the respondents did not always see the direct link between advanced business analytics (including big data analytics) and a sustainable competitive advantage. It has also to be noted that some terms, e.g., “temporal knowledge base”, “sequential knowledge”, “temporal data mining”, and other temporally associated ones are obviously not widely known, nor understood. The interviewed managers are not an exception. Often, during the interviews, they asked for explanations, and then acknowledged the temporal solutions to be very useful for advanced business analytics in a dynamic competitive environment. Hence, it would be desirable to popularize knowledge on temporal analytics, temporal IT solutions, and their functionalities among managerial staff. It may be assumed that with such knowledge managers would be more willing to implement temporal analytics solutions, including those for big data. This will give organizations better insight into, and understanding of, the dynamic environment of business operations.




6. Concluding Remarks


The usability of big data analytics for gaining a sustainable competitive advantage and for establishing successful sustainable business models has been drawing researchers’ attention for several years [14,15,18,52,66,70]. Time is also widely accepted as an important aspect of business operations [13,16]. However, research on big data analytics in general, and on big data maturity models in particular, has not brought the temporal dimension to the forefront. The research is focused either on big data’s operational and strategic potential [19] or on big data implementation and processing based on well-established IT solutions [22,24,25,26].



Our study attempts to formulate a new conceptual framework for assessing an organization’s readiness to adopt big data. It argues that a time dimension is a critical driver in maturity models for big data adoption. The proposed framework consists of five maturity levels: atemporal, pre-temporal, partly temporal, predominantly temporal, and temporal. The maturity levels are used to evaluate the data/knowledge, IT solutions, functionalities offered by IT solutions, and sustainable development of organizations.



The proposed model was initially tested among 15 organizations. The survey that was conducted among respondents advocates that our framework extends the previous maturity models for big data adoption by suggesting that the time factor should be taken as the primary factor in the development of advanced analytics that are focused on the sustainable development of organizations. The proposed framework responds precisely to the modern challenges faced by organizations.



Our study makes several theoretical contributions to the relevant literature. First, big data adoption in organizations is a largely unexplored field of research. Therefore, the current study contributes to the emerging literature on assessing an organization’s readiness to adopt big data by investigating temporal big data maturity models. Second, the current study is one of the rare studies that proposes a conceptual framework for assessing an organization’s readiness to adopt big data based on the temporal dimension. This framework proposes a new perspective on the issue of assessing an organization’s readiness to adopt big data. It responds to the current challenges that come from an organization’s environment, such as the need to incorporate real-time big data analytics into decision support systems. Third, this study demonstrates how the proposed framework may be used to assess modern information sources in organizations. The interviews with managers that were discussed in this paper have proven that organizations are aware of the big data phenomenon and its analytics potential. However, they do need a tool—a kind of signpost—that will enable them to assess their organizations’ preparedness to perform big data analytics and to implement in a coordinated manner solutions that are aimed at improving these analyses. This conclusion is drawn from the barriers to the successful performance of big data analytics that were listed by the managers. During the interviews, they described, e.g., a lack of qualified staff, a lack of a big data analytics implementation strategy, and the randomness, poor quality, and incredibility of such data. Using a big data maturity model may help organizations to overcome these barriers.



Finally, the current findings provide empirical evidence that the design of a conceptual framework for assessing organizations’ readiness to adopt big data based on the temporal dimension may play an important role in their sustainable development. This framework offers guidance to managers who want to successfully incorporate temporal big data analytics into their organization’s business, competition, and sustainability strategies. It highlights the role of real-time big data analytics and temporal decision support systems as critical tools for building a sustainable competitive advantage and sustainable business models. The proposed framework provides a comprehensive means to be used by managers in their efforts to respond to market challenges.



Although our results provide important contributions to theory and practice in the big data field, we discuss some limitations to keep in mind when interpreting the results of this study, while also suggesting some potential opportunities for future research.



The proposed model needs further validation and testing. This should lead to the development of best practice and contingency guidelines for managers, researchers, and software engineers concerned with big data usage. By understanding the idea of the proposed framework, organizations should be better able to profit from big data analytics. It seems that the next step in exploring the phenomenon of temporal big data maturity models should be quantitative tests that cover a much greater number of organizations and that compare the results obtained from different domains.
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Table A1. Various definitions of the term “big data”, listed in chronological order.






Table A1. Various definitions of the term “big data”, listed in chronological order.





	
Author(s)

	
Definition






	
Technological Approach




	
[38]

	
“Data sets are generally quite large, taxing the capacities of main memory, local disk, and even remote disk. We call this the problem of big data. When data sets do not fit in the main memory (in core), or when they do not fit even on the local disk, the most common solution is to acquire more resources.”




	
[39]

	
The big data term “describes data sets that are growing exponentially and are too large, too raw or too unstructured for analysis using relational database techniques”.




	
[40]

	
“Big data involves the data storage, management, analysis, and visualization of very large and complex datasets.”




	
[36]

	
“Datasets whose size is beyond the ability of typical database software tools to capture, store, manage, and analyze.”




	
[41]

	
The big data term is “used to describe data sets so large, so complex or that require so rapid processing (…) that they become difficult or impossible to work with using standard database management or analytical tools.”




	
[42]

	
“Big data refers to datasets with sizes beyond the ability of common software tools to capture, curate, manage, and process the data within a specified elapsed time.”




	
[43] (p. 89)

	
“Big data (…) means that the organization’s need to handle, store, and analyze data (its volume, variety, velocity, variability, and complexity) exceeds its current capacity and has moved beyond the IT comfort zone.”




	
[44]

	
“Big data involves the data storage, management, analysis, and visualization of very large and complex datasets. It focuses on new data-management techniques that supersede traditional relational systems, and are better suited to the management of large volumes of social media data.”




	
[9]

	
“Big data consists of expansive collections of data (large volumes) that are updated quickly and frequently (high velocity) and that exhibit a huge range of different formats and content (wide variety).”




	
[45]

	
“The broad range of new and massive data types that have appeared over the last decade or so.”




	
[46]

	
“Data of a very large size, typically to the extent that its manipulation and management present significant logistical challenges.”




	
[47]

	
“Big data: the data-sets from heterogeneous and autonomous resources, with diversity in dimensions, complex and dynamic relationships, by size that is beyond the capacity of conventional processes or tools to effectively capture, store, manage, analyze, and exploit them.”




	
[48]

	
“Big data typically refers to the following types of data: (1) traditional enterprise data; (2) machine-generated/sensor data (e.g., weblogs, smart meters, manufacturing sensors, equipment logs); and (3) social data.”




	
[49]

	
“Big data is an emerging paradigm applied to datasets whose size is beyond the ability of commonly used software tools to capture, manage, and process the data within a tolerable elapsed time.”




	
[50]

	
“«Big data» means enormous volumes of data. The data can be divided as structured data and unstructured data. Various methods are applied to collect these data.”




	
Organizational approach




	
[51] (p. 1)

	
“Consumers have unprecedented access to information and tools with which to consume information. Social media, mobile access, augmented reality and three-dimensional (3D) views of pictures and video have blurred the lines between our private and work personas and have fundamentally changed the way the consumer utilizes information.”




	
[7]

	
“Big data, like analytics before it, seeks to glean intelligence from data and translate that into business advantage. However, there are three key differences: Velocity, variety, volume.”




	
[52]

	
“Big data focuses on three main characteristics: the data itself, the analytics of the data, and presentation of the results of the analytics that allow the creation of business value in terms of new products or services.”




	
[8]

	
“Big data is a combination of volume, variety, velocity and veracity that creates an opportunity for organizations to gain sustainable competitive advantage in today’s digitized marketplace.”




	
[53] (p. 21)

	
“Companies today are overgrown with information, including what many categorize as big data. The jungle includes information about customers, competition, media and channel performance, locations, products, and transactions, to name just a few (…)”




	
[24] (p. xxi)

	
“(…) big data is about leveraging the unique and actionable insights gleaned about your customers, products, and operations to rewire your value creation processes, optimize your key business initiatives, and uncover new monetization opportunities.”




	
[54]

	
“A new attitude by businesses, non-profits, government agencies, and individuals that combining data from multiple sources could lead to better decisions.”




	
Mixed (tech-organizational) approach




	
[55]

	
“Big data involves more than simply the ability to handle large volumes of data; instead, it represents a wide range of new analytical technologies and business possibilities. These new systems handle a wide variety of data, from sensor data to Web and social media data, improved analytical capabilities, operational business intelligence that improves business agility by enabling automated real-time actions and intraday decision making, faster hardware and cloud computing including on-demand software-as-a service. Supporting big data involves combining these technologies to enable new solutions that can bring significant benefits to the business.”




	
[56]

	
Big data is “associated with the new types of workloads and underlying technologies needed to solve business problems that could not be previously supported due to technology limitations, prohibitive cost or both.”




	
[6]

	
“Big data: high-volume, high-velocity, and/or high-variety information assets that require new forms of processing to enable enhanced decision making, insight discovery, and process optimization.”




	
[57]

	
“Big data: a cultural, technological, and scholarly phenomenon that rests on the interplay of (1) Technology: maximizing computation power and algorithmic accuracy to gather, analyze, link, and compare large datasets; (2) Analysis: drawing on large datasets to identify patterns in order to make economic, social, technical, and legal claims; (3) Mythology: the widespread belief that large datasets offer a higher form of intelligence and knowledge that can generate insights that were previously impossible, with the aura of truth, objectivity, and accuracy.”




	
[58]

	
“Big data is massively generated by uncountable online interactions between people, by human–systems transactions, and by sensor devices.”




	
[59]

	
“Big data is no subject to sampling, it is linked with building databases from electronic sources, with no intention of statistical inference.”




	
[5]

	
“Big data is high-volume, high-velocity and high-variety information assets that demand cost-effective, innovative forms of information processing for enhanced insight and decision making.”




	
[60]

	
“Big data is large-scale data with various sources and structures that cannot be processed by conventional methods and that is intended for organizational or societal problem solving.”




	
[61]

	
“Big data often represents miscellaneous records of the whereabouts of large and shifting online crowds. It is frequently agnostic, in the sense of being produced for generic purposes or purposes different from those sought by big data crunching. It is based on varying formats and modes of communication (e.g., text, image, and sound), raising severe problems of semiotic translation and meaning compatibility. Big data is commonly deployed to refer to large data volumes generated and made available on the Internet and the current digital media ecosystems.”
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Table A2. The backgrounds of the companies that were selected for interviews.
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	Interview No
	Business Activity
	No of Employees
	Annual Turnover for the Last 3 years
	Capital Structure
	Respondent’s Position
	Sector
	Period of Existence on the Market





	1
	R&D
	50–249
	<EUR 50 million
	National capital
	Owner/Management Board
	Professional, scientific, and technical
	6–10 years



	2
	Manufacturing
	>250
	<EUR 50 million
	Mixed (national and foreign)
	Technology manager
	Light industry
	>10 years



	3
	Services
	≤9
	<EUR 2 million
	National capital
	Owner/Management Board
	Professional, scientific, and technical
	>10 years



	4
	Manufacturing
	>250
	>EUR 50 million
	Foreign capital
	Manager/specialist planning and production management
	Automotive industry
	>10 years



	5
	Services
	>250
	>EUR 50 million
	Foreign capital
	Advanced analytics manager
	Telecommunications
	1–5 years



	6
	Manufacturing
	>250
	>EUR 50 million
	Foreign capital
	ICT Manager/specialist
	Consumer electronic
	>10 years



	7
	Services
	10–49
	<EUR 2 million
	National capital
	Owner/Management Board
	Professional, scientific, and technical
	6–10 years



	8
	Services
	≤9
	<EUR 2 million
	National capital
	Owner/Management Board
	Administration services and support
	>10 years



	9
	Services
	≤9
	<EUR 2 million
	National capital
	Owner/Management Board
	ICT service and support
	>10 years



	10
	Services
	50–249
	<EUR 10 million
	National capital
	ICT Manager/specialist
	Production of ICT
	>10 years



	11
	Services
	50–249
	<EUR 2 million
	National capital
	Senior SEO specialist
	Transportation and storage
	6–10 years



	12
	Services
	≤9
	<EUR 2 million
	National capital
	Owner/Management Board
	Construction
	6–10 years



	13
	Manufacturing
	10–49
	<EUR 2 million
	National capital
	Owner/Management Board
	Production of ICT
	6–10 years



	14
	Banking
	>250
	>EUR 50 million
	Mixed (national and foreign)
	Other-risk assessment manager
	Finance
	>10 years



	15
	Commerce
	10–49
	<EUR 2 million
	National capital
	Owner/Management Board
	Professional, scientific, and technical
	>10 years
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Figure 1. A description of maturity levels in the process approach (the Capability Maturity Model (CMM) model) [84]. 
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Figure 2. The proposed Temporal Big Data Maturity Model (TBDMM). 
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Figure 3. The quality of data for big data analytics (BDA) in the studied organizations. 
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Figure 4. The most essential data/knowledge in BDA. 
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Figure 5. The business analytics solutions that were particularly important to the surveyed organizations. 
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Figure 6. The most suitable information technology (IT) solutions for BDA in surveyed organizations. KB, knowledge base. 
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Figure 7. The most desired IT functionalities for BDA. BI, business intelligence. 
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Table 1. The basic differences between Business Intelligence (BI), Competitive Intelligence (CI), and big data.
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	Business Intelligence
	Competitive Intelligence
	Big Data





	Purpose
	Analysis of internal business processes, improvement of operational and tactical decisions
	Analysis of external environment (mainly competitors)
	Analysis of the whole environment of the organization: internal resources, customers, suppliers, users of the Internet, and communities of practices



	Scope
	Organization
	Environment of organization (mainly competitors)
	Whole environment of the organization



	Content/data
	Well-structured information, internal data originating from databases, Enterprise Resource Planning, transaction systems
	Semi-structured or unstructured information, external data originating from competitors, customers, and the Internet
	Unstructured content, external data that comes from public, open resources, the Internet, mobile devices, and social media



	Used tools, technologies
	Online Analytical Processing (OLAP), data mining, data warehouses
	Advanced data mining, predictive modeling, web mining, text mining, and opinion mining
	Advanced data mining, predictive modeling, web mining, opinion mining, text mining, exponential random graph models, search-based applications, dashboards, SOA (Service-Oriented Architecture), Hadoop, Spark, MapReduce, parallel processing, real-time processing, and machine learning techniques
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nav.xhtml


  sustainability-10-03734


  
    		
      sustainability-10-03734
    


  




  





media/file8.jpg
No.of Indications
omeoawBd B

14
2
1 1
5
| | I
Datafrom the Clicksreom Datafromthe  Staic  Unstructured  Dymamic  Time stampod
sensors data Internet, social knowledge datasources  knowledge  knowledge

networks, tc.
DatalKnowledge type





media/file11.png
No. of Indications

Type of Solution





media/file6.jpg
Such data not
used: no need to

Rather poor
quality data; 2

Average quality
data; 9.





media/file13.png
14

16

ey
A
~ I
A
= I
A
~ I
A
=
A
= I
A
= I
A
= I
A
= I
A
= I
A
o I
>
<t N O O O <H N O
™ =

suonedIpuf JO 'ON

IT Solution





media/file10.jpg
‘Typeof Solution





media/file7.png
Such data not
used: no_ need to High quality data;

Rather poor
quality data; 2

Average quality
data; 9





media/file12.jpg
16 n
u 2 2 2

7 iﬁf’fi{if’k@f’ LALS
Sl I y

IT Solution






media/file9.png
No. of Indications

16
14

S N OB O ®

Data from the Click stream Data from the
Sensors data

networks, etc.

Internet, social knowledge

Time-stamped
knowledge

Unstructured
data sources

Dynamic
knowledge

Data/Knowledge type






media/file14.jpg
IT Functionality





media/file5.png
Maturity

Level 4
Temporal

Level 3
Predomin
antly
Temporal

Level 2
Partly
Temporal

Level 1
Pre-
temporal

Level 0
Atemporal

* only structured
knowledge

1

Big Data (social networking data)
Structured and unstructured temporal
knowledge

Big Data Analytics software
Temporal knowledge base system
Other artificial intelligence solutions

Unstructured Big Data analytics
Temporal reasoning

Sustainability-driven
organization

Sensor data, click stream data
Unstructured static knowledge
Structured temporal knowledge

Hadoop/other
Temporal knowledge base*

Big Data analytics
Partly temporal reasoning

Advanced sustainability support
Collaboration, consultation, and
crowdsourcing in stakeholders network
Dynamic change management

Sequences and time-stamped sequences
Time-stamped knowledge
Big Data

Business optimization software
Time-stamped knowledge base systems
Data mining tools

Advanced analytics
Advanced DM
Temporally extended static rules*

Sustainability issues integrated into
business operations
Stakeholders network based on
structured collaboration
Individual and team learning

Multidimensional data
Static knowledge
Sequential knowledge
Unstructured data sources

Intelligent dashboards
Sequential knowledge base systems

Predictive analytics/advanced statistics
Data Mining (on structured data)
Relative ordering of events

Sustainability supported by procedures,
processes and activity planning
Change management processes

Individual learnning
Stakeholders network born

Multidimensional data
Static knowledge

Data warehouse
Business Intelligence
Knowledge base systems

Business Intelligence multidimensional
analytics/reporting
Static decision support

Ad-hoc sustainability management
No stakeholders network
Change & learing management only
reactive

Data/Knowledge

** temporal descriptive
rules on knowledge
evolution

IT solutions

Functionalities

Sustainable development
context






media/file15.png
16

14
@ 12
g 10
= 10
9
E 8
B 6
> 4
2
0
&
3%
39§
s .
@Q’b &
Q .
& e°
> &
& ®
&Q
oL

3 1 14 14 14 14 14
& s S S b S & S
O o) N : S : N :
£ & & & & & &S
& 2 x*& > ol N &
Q@ b‘\/ . c/% CQJ . \qo Q
Q/@ \40 & D &
> 33 K
& v
®
&
é\
&
¥ o
0\50 IT Functionality





media/file3.png
K

Level 5 Focus on process
Optimizing improvement

Level 4 Processes measured

‘ i Quantitatively managed | and controlled

Level 3 Processes characterized for the

‘ . Defined organization and is proactive

Level 2 Processes characterized for projects
Managed and is often reactive

Level 1 Processes unpredictable,
Initial poorly controlled and reactive






media/file0.png





media/file4.jpg
£

s

oA

R e
gt

pemiresd

S —

s

preh

e bt

e

e

RS
R





media/file2.jpg
Level 5 Focus on process

|—' Optimizing improvement

Level 4 Processes measured

> Quantitatively managed | and controlled

Level 3 Processes characterized for the
|—> Defined organization and is proactive
Lovel 2 Processes characterized for projects
|—' Managed and is often reactive
Level 1 Processes unpredictable,

Initial poorly controlled and reactive





