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Abstract. Confusion, ambiguity and misunderstanding of the concepts and terminology regarding different approaches concerned with analysing massive data sets (Business Intelligence, Big Data, Data Analytics and Knowledge Discovery) was identified as a significant issue faced by many academics, fellow researchers, industry professionals and domain experts. In that context, a need to critically evaluate these concept and approaches focusing on their similarities, differences and relationships was identified as useful for further research and industry professionals. In this position paper, we critically review these four approaches and produce a framework, which provides visual representation of the relationship between them to effectively support their identification and easier differentiation.
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Introduction 
During our academic and industry based work, we identified an issue faced by many academics, fellow researchers and domain experts – namely confusion, ambiguity  and misunderstanding of the concepts and terminology regarding the different approaches that are concerned with analysing massive data sets. For example, during the development and validation of a framework for Business Intelligence (BI), we were asked why we omitted concepts, such as Big Data (BD), Data Analytics (DA) and Knowledge Discovery (KD) from the proposed framework. Such questions are justified as there is no generally accepted unified standard or framework encompassing the fields of BI, BD, DA and KD, which we collectively define as a cluster of concepts concerned with analysing massive data. Although these and similar questions may be outside the scope of a particular research project,  it can require additional time and effort to answer them, especially in a research context  as discussion has to be based on analysis of the existing literature.
The literature evaluated in this paper, typically deals thoroughly with each of elements from the cluster of concepts concerned with analysing massive data but approaches the topic from specific perspectives. If treated at all in the literature, issues such as possible confusion, ambiguity and misunderstanding of concepts and the interrelations between approaches, are treated only superficially, and are mostly focused on differentiation between BD and BI concepts from data structure perspective.  
Thus, we identified a need to critically evaluate the cluster of concepts concerned with analysing massive data.  The aims of this position paper are: (i) to critically examine and review BI, DA, BD and KD to  identify  disparities, similarities and relationships each to another, (ii) to provide “a tool” in the form of graphical representation to be used by other researchers to quickly respond to the issues, questions and problems based on misunderstanding of the concepts concerned in this paper, (iii) to create a base for, and to provoke further discussion, between researchers and scientists, and (iv) to propose an initial conceptual framework, which will support further research and enable easy identification and differentiation of the concepts and approaches discussed in this paper. 
The rest of this paper is structured as follows: in section II, we review BI, in section III we review DA and BD and Big Data Analytics (BDA) and in section IV we discuss KD. We identify the similarities, differences and relationships between concepts and approaches. In section V, we present the framework shown in Figure 1 and discuss the validation approach. 
Business Intelligence
BI can be understood as a philosophy, which includes the strategies, processes, applications, data, products, technologies and technical architectures used to support the collection, analysis, presentation and dissemination of business information [1, 34]. It helps companies to out-think the competition through better understanding of the customer base [2], which could lead to creating a closer and stronger relationship with customers and enhanced revenue [3]. It plays a critical role for business in terms of organizational development by providing competitive advantage in the context of achieving positive information asymmetry [1, 4, 5], and contributes to optimising business processes and resources, maximizing profits and improving proactive [6], and strategic decision-making [7].  Besides its strategic and tactical advantages, Business Intelligence is also used at operational level. 
BI could enable various types of users to spot emerging trends, make faster decisions, take actions and cope with the organizational problems as soon as they arise [8]. Its purpose is to help stakeholders to better understand their organization’s operations, make wiser, more informed business decisions, and manage operational performance [9].  
We can use BI to extract meaningful information and hidden knowledge from operational data produced on a daily basis, which would help business stakeholders in variety of predictions, calculations and analysis [10]. Conventional BI focused on activities such as ETL, data warehousing and reporting, thus covering research areas of data manipulation, propagation and visualisation [34]. However, the new generation of BI has an additional research focus on areas such as data exploration and visualisation [11, 12, 34]. There is also evidence of shifting from static reports to interactive visualisations, which extends research issues from metrics overview to discovering causes and effects of the phenomena the metrics express [12]. Additionally, the competition pressure of business causes new trends in BI and related research, such as near real-time BI, data mining and text analytics [13], self-service BI and BI in cloud [11].
Data Analytics & Big Data Analytics
Data Analytics is the process of supporting effective decision-making through analysis of the existing data sets by using computer systems [14]. Ridge provides a broader definition and defines DA as any activity that involves applying analytical processes to data for the purpose of deriving insight from data [15].  
It is an interdisciplinary field that includes many other scientific disciplines, such as computational intelligence, statistics, machine learning, signal theory, pattern recognition, machine learning, operations research [14], predictive analytics, data mining, artificial intelligence, natural language processing [16], business intelligence, prescriptive analytics and descriptive analytics. As such, research areas and issues relevant for DA concepts include research areas and issues such as visualisation, cloud computing or data exploration, already identified as research areas in BI.
The mission of DA is to access and analyse data, and to gain insight into significant trends or patterns in organizations [17]. It provides managers with access to timely information and supports decision makers highlighting useful information [18]. As it supports advanced continuous monitoring and auditing [18], we can use it to examine various data sets to support operations in different industries [19].  It is also offers the opportunity, for example, to discover new customer segments, identify associated products, understand seasonal trends, or identify the quality of suppliers’ [16].  
DA is used by various industries, such as governmental organizations [18], healthcare, medicine [20], security [21], business, engineering, finance, operation management [22] and biomedical research [23].
Big Data
BD is concerned with large-volume, complex, ever growing data sets coming from various often autonomous sources [24], such as environmental and body sensors, mobile devices, administrative claims data, social media, emails, laboratory studies, electronic medical records, internet, business transactions, geospatial devices or sensors [22, 23, 25]. The rate of BD generation is extremely fast and BD may be generated by machines or humans [19]. 
Similar to Wu et al [24] and Barton [23], many BD definitions and explanations are focused on the volume of data. However, BD is not only related to massive data [19], and there are other characteristics of BD, which are important and must be considered [16]. Traditional definitions of BD, include variety and velocity in addition to volume as basic constituent elements [16, 26]. Those three attributes are conventionally known as “three Vs”.
Some definitions of BD go even further and include even more dimensions such as Veracity [25, 27, 28], Validity, Value, Variability, Venue, Vocabulary, and Vagueness [29] although the relevance of some of these elements is not clear. BD is everywhere around us [22]; in education [30], health care [23], engineering, operations managements, genomics [22], biomedical research [31] any many other fields. 
However, massive and ever increasing data is useful only if it can be analysed [19]. Seen in the past as a technical problem, BD is today seen as a business opportunity [18], which can provide new opportunities based on the analysis of data [22]. The basic challenge of BD is to explore large data for the purpose of extracting useful information and competitive knowledge [32]. Unlocking the value of BD in complex and rapidly changing markets can bring competitive advantage and enable better response by businesses [25]. 
The  definition of BD encompasses variety of data, which can be unstructured, semi-structured, and even structured. However, BD is most often concerned with unstructured and unorganized data [19, 23, 25, 27, 31].
On the other side, BI is mostly related to structured data, thus, we consider BD as a parallel philosophy to BI. However, this does not mean that they or their components are mutually exclusive. For example, DW as a core component of BI that works with structured data, can be used as additional part of the BDA process [25]. Notably, Chan [25] identified synergy between DW and Hadoop type BD architecture.
We identified quality and data exploration as the main research areas of BD and visualization as an important research area. Because of the size of the data considered, we see great potential in the research area of BD in the cloud.     
Big Data Analytics
As traditional DA is not able to handle very large quantities of data [29], and because Big Data is too large and complex to be manipulated or managed by using standard tools and methods [26], we are witnessing a new trend - namely Big Data Analytics (BDA). 
BDA is defined as large-scale analysis and processing of information [22], encompassing data sets that go beyond the capacity of conventional databases [33]. It is advanced analytics operating with big data sets [16]. BDA is a rapidly expanding field [20]. We see BDA as similar to DA since BDA includes inspecting, cleaning, transforming, and modelling data to discover and communicate useful information and patterns, suggest conclusions, and support decision making, however, by using BD data sets [26]. 
BDA provides tools and methods to accumulate, manage, analyse, combine and assimilate large volumes of disparate, structured, and unstructured data [20, 25, 26]. Besides combining data, BDA sometimes requires combinations of various methods from different disciplines [26]. As its name suggests, BDA is concerned with Big Data and Analytics [16], and is a current research and application area [24]. As a concept related to BD, BDA is concerned with the same research areas as BD.  
Knowledge Discovery & Data Mining
While applying appropriate tools and software [18], BDA uses various DA methods, such as clustering, classification, association rule or sequential patterns to discover new knowledge [29]. Methods and algorithms for analysing data and identifying patterns are collectively known as Data Mining (DM) [18, 22]. 
DM is considered a powerful approach for developing knowledge from data [35]. DM is understood as applying data analysis and discovery algorithms to produce a particular enumeration of models over existing data [36]. In this context, data exploration is the most relevant research area for DM. 
Esfandiari et al [35] state, in their reference to Fayyad et al [36], that DM was originally considered as synonym for Knowledge Discovery in Databases (KDD). However, in the original text, Fayyad et al [36] regard DM as a step in the KDD process, which includes application of specific algorithms for extracting patterns from data.  Chen at al. [37] regarded DM and KD in databases as synonyms. 
According to Fayyad et al [36], KDD includes additional steps, which include data preparation, data selection, data cleaning, incorporation of appropriate prior knowledge, and proper result interpretation. We consider next what is understood under the heading of Knowledge Discovery (KD)
According Cortez & Santos [38], based on the 1996 definition by Fayyad et al [36], KD is a branch of the artificial intelligence field that aims to extract high-level knowledge from complex and voluminous data, which would be useful and understandable. However, care is needed when using definitions from the period, which preceded BD.  A 2004 definition by Koua & Kraak [39] defined KD as a higher-level process, which uses DM process to turn data into knowledge. More recently, 2009 [40]  and 2011 [41], KD was  defined not only as a branch of Artificial Intelligence, but as an interdisciplinary field with the focus on methodologies to identify valid, novel, meaningful and potentially useful patterns often from large data sets. We regard KD as a higher entity encompassing DA, which is not exclusively related only to computer-based concepts.
A Framework to differentiate Business Intelligence, Big Data, Data Analytics and Knowledge Discovery
There are many similarities between BI, DA, BD and KD, which explains the confusion concerning these concepts. However, based on our literature review and preliminary discussions with seven domain experts, we identify significant differences and argue that these concepts should be regarded as distinct approaches.  
As presented in Figure 1, we see Knowledge Discovery as the highest-level concept, which in addition to other methods includes Data Analytics to discover or produce new knowledge. Within KD, we see Data Analytics as an entity, which includes various disciplines, including Big Data Analytics and Business Intelligence. 
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Figure 1: Visual representation of the relationships between approaches
For the purposes of our discussion, which is focused on the analysis and use of data, we regard Big Data as part of Big Data Analytics. Taking into account intention, purpose and underlying business philosophies, we see Big Data Analytics and Business Intelligence at the same level. However, taking into account technical structure, relevant software applications and data, we also see Big Data and Business Intelligence as concepts at the same level.
We see data focus as the major difference between BI and Big Data. Big Data encompasses unstructured, semi-structured and structured data, however the main focus is on unstructured data [19, 23, 15, 27, 31], while the focus of BI is on structured data. While BI requires DW and/or data marts to support reporting [42, 43], Big Data can work with DW but DW are not required [25] and there are many alternative supporting technologies such as the Hadoop platform. In reports based on traditional BI systems, there is a requirement to have structured master and transactional data. For example, to use or analyse sales transactional data we must have master data describing the properties of sales (such as store, location or product descriptions). Big Data is not subject to those requirements. For example, the analysis of the content of emails or appeals submitted to public administration institutions does not require structured data.  
Validation of the framework proposed

In the academic community, validation is usually based on approaches such as formal interviews or surveys. These approaches are time consuming for participants and we were interested to see whether professional networks could be used to gather responses. The concepts proposed in this paper are intended as discussion points and for this reason we wanted to reach out to the professional practitioner community, to evaluate whether the distinctions we propose match the real world experience of those working in the field. Thus in addition to online survey and direct discussion with domain experts, we used an additional method of communication, namely special interest groups on internet-based business social networks to discuss and validate the proposed framework. We exposed the framework from Figure 1 to relevant domain experts for discussion as a post using appropriate LinkedIn groups. 
To better understand the validation process, we explain which kinds of feedback are available in these forums. Like is the lowest level category feedback on content that a user can provide in internet-based business social networks. However, it has positive impact as it indicates that the user found the content interesting, useful or worth considering. Comment can be considered as a stronger category of feedback in regard to like. It is direct discussion about content, which can have positive or negative impact. It is also an appropriate mechanism for critically evaluating content and providing additional suggestions. Share can be considered as the strongest type of feedback in internet-based business social networks. It allows sharing of content on personal profiles of users called to provide feedback, in other groups, and in news feeds. By sharing respective content via internet-based business social networks, user suggests not only that respective content, concept or idea is interesting, useful or worth considering, but also worth promoting further within the  community. Share may also have negative connotations but this was not the case in this work.
Over a period of three weeks, we received 560 feedbacks in three different forms. It was very encouraging that 384 users from business social networks found the framework good enough to be liked, while 134 decided to share the proposed framework with their professional networks as a good example explaining differences between BI, BD, DA and KD. Written comments were received from 42 users via preliminary survey and via business social networks; these comments were very positive and no negative comments were received.  Suggestions for extending the framework included adding additional dimensions to the framework to categorize the type of analytics for each specific concept, such as descriptive, predictive, or prescriptive, and including concepts such as Machine Learning, Business Analytics, or Data Science. In our further work, we will review the framework and consider extending it to include additional elements.  
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