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Abstract
The idea of openness in education is now strongly affected by increasing amounts of data available and the growing demand for sharing information and engagement among stakeholders. Although it is assumed that opening up large amounts of educational data enables involved stakeholders to make better informed decisions, there is still a research gap in the understanding of stakeholders’ capabilities, skills, and attitudes in reusing of these data. Since the relation between required skills, capabilities, and attitudes and a way how to acquire and develop them is closer to the educational sector than other sectors, this paper explores various opportunities, approaches, and challenges of Big and Open Linked Educational Data (BOLED) analytics that can provide a positive impact in the educational process. For this purpose, a research methodology that utilizes the Delphi method to derive a consensus from a panel of experts was developed. A framework reflecting the extent to which BOLED analytics affects stakeholders’ capabilities, skills, and attitudes is established and evaluated against needs of different groups of stakeholders, namely basic, intermediate, and advanced jobs. In contrast to previous research, this paper provides a comprehensive view of each aspect related to big/open/linked educational data as well as the lifecycle phases and activities required to perform data analytics on these data. In addition, a set of required skills, capabilities, and attitudes is provided and described in relation to the challenges faced by the educational system. The results provided by the Delphi method showed that regarding to utilization of BOLED analytics, it is required to have hard skills to perform these tasks, next to domain and educational knowledge. The experts mentioned data and information literacy as the most important ones and argued that it should be a critical part of any education level. It is also crucial to have a good understanding of the problem and topic to be able to answer the right questions. On the other hand, it was confirmed that not all the BOLED lifecycle phases need to be performed by one stakeholder and it is possible and recommended to involve more stakeholders to work together. In this regard, soft skills related to communication, collaboration, and cooperation are important to overcome the missing hard skills of some stakeholders. The phase that requires soft skills the most is data publication, sharing, and reuse since stakeholders of all roles should participate here and bring together their skills to create a value. The most important activity is being able to view and explore datasets visually. However, visual information is not always accessible through data analytics tools or open data portals and the potential to engage more stakeholders is not fully used. Hence, on the one hand, it is necessary to increase emphasis on data visualization techniques in the educational process and, on the other hand, tools developers and data providers should introduce more features to enable applying these skills in practice. Together these results provide important insights into the required level of capabilities, skills, and attitudes needed by different stakeholders to deal with BOLED analytics. These can support educational institutions in establishing strategies for the development of the right skills needed to gain the value from these data.
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1 INTRODUCTION
Advances in computation have increased the amount of data available for educational purposes and created numerous opportunities for working these data [1], [2], [3]. Not only more data can be stored fast and easily but new tools and techniques are available for processing, analysing, visualization, and sharing of educational data [4], [5]. Despite generating increasing volumes of educational data, until recently, only a few institutions have been able to exploit these data [4], [6], [7].
According to [2], [8] and [9] technological progress is driving the research on educational data mining and learning analytics to the era of big data in which different technologies are able to provide insights into the learning process. The spread of these new technologies together with online courses and data portals provides new opportunities, approaches, and challenges for educational data analytics [10]. In this regard, Williamson in [11] reported that “the governing and managing of education are attached to the large-scale infrastructural capacities of data servers, database software developments, data mining and visual data presentation techniques, as well as to new forms of technical, methodological and graphical design expertise that are materialized in particular policy instruments.” This era offers the possibility of implementing real-time assessment and feedback systems to improve the learning, development of self-regulated learning skills, and student success [12]. Similarly, new methods and approaches can be implemented to gain new insights and meaningful information from educational data and make educational content more attractive and motivational for students, teachers and the whole education ecosystem [5], [6], [7]. On the other hand, this creates demand for continuous and dynamically adopted education for preparing new specialists and training for new skills [8], [13].
Nowadays, due to a variety of educational systems and environments, data generated in educational contexts are large, complex, and heterogeneous. In this regard, it is difficult to understand them with traditional data analysis capabilities [1], [3], [9]. Many of learning materials, as well as courses and lectures, are also open and available anywhere at a global scale as Open Educational Resources (OER), mostly in the form of Massive Open Online Courses (MOOC), which combine different OER, e-learning methods and social networks culminating in an online learning experience. Such evolution incredibly influences today’s education systems [14]. Authors in [15] reported that the availability of open datasets is considered as key for research and application purposes. According to [5], the next generation of innovative educational environments will apply the achievements of the open data initiative and move towards learner-driven society-oriented systems. 

Regarding these changes, traditional roles such as teacher and student are evolving towards new roles that require additional skillsets. Authors in [5] reported that this new environment is not limited to the particular institution, but it is driven by the concept of data openness in which stakeholders reuse data in an active way through cooperation, collaboration, and participation. On the other hand, this requires to identify involved stakeholders and their roles in the BOLED analytics ecosystem. Jetzek et al. in [16] described data capabilities as “the collective ability of individuals and organizations to use and reuse data” and focus on access to data and data literacy. It is a multi-dimensional construct encompassing equitable access opportunities as well as affordability of web access and data literacy of stakeholders. Missing insights on relationships, influences, and dependencies during these interactions may affect the quality of the educational process and its continuous improvement [6], [9].

Due to the persistent growth and increasing availability of these data, it is needed to propose new models to process them to be useful for learners as well as educators [1]. Similarly, authors in [12] and [14] reported that a technological layer that is capable of capturing, storing, managing, visualizing and processing big educational data is needed. Therefore, these data analytics challenges evolved into a Big and Open Linked Educational Data (BOLED) concept. In addition, gaining value from these data also requires putting emphasis on developing new skills [15], [17], [18]. Therefore, a term BOLED requires re-defining the analytics requirements of education in order to deal with increasing amounts, availability and complexity of educational contents. It is crucial to take into account the value that analytics on these data may provide. In this regard, we define BOLED analytics as “the acquisition and extraction, management and preparation, storing and archiving, processing and analysis, visualization and use, and publication, sharing and reuse of data about learners, educators, and their contexts, for purposes of understanding and improving learning processes and the environments in which they occur.” 

The aim of this paper is to initiate a discussion about good practices in the use of BOLED as a basis for research-based learning activities that can contribute to the development of stakeholders’ skills and field-specific competences. This paper takes into account a perspective of stakeholders’ capabilities, skills, and attitudes to understand how they can benefit from reusing these data and create both economic and social value out of the available data sources. Hence, the central research question is: “What capabilities, skills, and attitudes of various groups of stakeholders are most important to reuse and create value from BOLED?” 
In particular, we provide a set of skills that educational institutions need to focus in order to reuse BOLED. This offers a structured framework for further research on stakeholders’ capabilities, skills, and attitudes in other related fields. The results contribute to practice by providing a comprehensive view on what skills are required to perform BOLED analytics and work with these data. Knowing what is required for each role and data-based activity can help institutions in focusing on the right skill sets as well as develop appropriate online courses. 

2 research METHODOLOGY

Since research on stakeholders’ capabilities, skills, and their abilities to reuse BOLED is still lacking, a new classification framework focusing on this issue is needed. In order to help various groups of stakeholders to deal with BOLED analytics the following concepts, which are summarized in Fig. 1, are taken into account. The figure presents a conceptual view on this issue and highlights two key outputs of this paper.
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Figure 1. A conceptual view on the problem area of this research.

The methodology of this research is modified from [17]. First, a comprehensive literature review was done to identify different studies addressing data related capabilities, skills, and attitudes. It contained a cross-search among several databases to retrieve related papers. Among others, it consisted of reviewing the literature related to the definition of the BOLED analytics lifecycle and strived for an understanding of its benefits and risks in the educational context. 

The Delphi method was used to derive a consensus from a panel of experts. The steps of the method follow [19]. The experts have been interviewed about their perceptions of this issue. Since it is obvious that a difference in perception of the capabilities, skills, and attitudes required exists among various stakeholders, an expert opinion poll consisted of a member of academic staff at a higher education institution, a secondary school teacher, a data analyst, and a human resources manager. For this purpose, a five-point Likert scale (from 1 = extremely unimportant to 5 = extremely important) is utilized to determine the suitability of selected capabilities, skills, and attitudes for each role in which the stakeholder may work with BOLED. These levels are selected together with the requirements for each role: basic, intermediate, and advanced. The scores of the panel members were analyzed after each round to find the statistical median of each question, the average, and the standard deviation [19]. Based on these results, only two rounds were necessary to meet the consensus.
3 towards a Classification Framework
The findings pointed to a whole range of required capabilities, skills, and attitudes required to be actively engaged in the BOLED analytics ecosystem and gain from its benefits. It is mainly due to the fact that the ecosystem is comprised of different stakeholders with diverging interests or preferences as well as approaches to deal with each phase and related activities of the BOLED lifecycle. Thus, there is no consensus framework on how these capabilities, skills, and attitudes should be classified and what the required level is for different stakeholders. 

The first group of authors is oriented toward the emphasis on mastering hard skills, arguing that the real value lies in applying them on these data using different analytics techniques and tools [8], [11], [14]. A list of elements required for the common body of knowledge was introduced in [8]. Among others, it includes an emphasis on the data lifecycle, computing models, security and privacy, etc. Authors in [20] emphasised broader aspects of data management, e.g. still data storage (as in databases), but in combination with data usage and data analysis. But focusing solely on data-specific jobs is not broad enough, a domain-specific knowledge is needed to span the entire education sector [21]. In addition, new roles such as educational data scientists, experts, and programmers doing the data work, constructing the database architectures and designing the analytics will be necessary to fulfil these requirements [11], [15]. However, none of the authors attempted to map these requirements onto all phases of the BOLED lifecycle. The omission of the related activities may lead to bias in some types of analyses or incorrect interpretations and irreproducible results.

The other group of authors sees a need to acquire both hard and soft skills. A capabilities perspective on how successful data reusers create value out of the available data sources was explored by [22]. They used a framework of IT, organization and skills capabilities required to innovate with data in which hard skills can be defined as more technical skills such as programming or data analytics skills and soft skills are more non-technical such as interdisciplinary cooperation or communication. These soft skills such as creativity and curiosity are needed to assess the possibilities of a dataset or which insights can possibly be created [17]. According to [23], the deployment of these data as OER requires the development of critical, analytical, collaborative, and citizenship skills as well as learning good practices in data management, analysis, and reporting. Similarly, new adaptive forms of leadership, collaboration, policy development, and strategic planning together with data access and security, data privacy and ethical dilemmas are required in case of successful institutional change for BOLED analytics implementation [12]. A critical thinking about big data problems using appropriate technologies is emphasized by [24] while their data ecosystem contains the following disciplines: leadership skills, communications skills, an eye for business values, project management skills, systems-thinking skills, big data technologies and the solution space, big data analytics lifecycle, and data management skills. Authors in [17] explored this issue in the context of transversal skills that include digital and data literacies, alongside skills for critical thinking, research, teamwork, and global citizenship.

Another approach is given by [23], who argued that reusing of these data should aim to help students to develop a variety of skills, including digital and data literacy skills, research methods, problem solving and citizenship skills, i.e., the benefits for student engagement and participation in activities with real world relevance. Among the other benefits, [25] emphasized more participation and self-empowerment of users as well as stimulation of knowledge developments. As stated by [26], the motivations, levels of expertise, and priorities of stakeholders differ. Therefore, these levels have to be taken into account to address both literacy and specialized skills at all levels from undergraduate to executive education [21]. Authors in [5] suggested that on top of the basic level there should be provided courses with a high level of flexibility from to accentuate the stakeholder’s best abilities and skills, assess the stakeholder’s potential and develop it further.

The following framework aims to identify and understand better the necessary capabilities, skills, and attitudes required for BOLED analytics by different stakeholders. It is represented by a skills matrix. The identification of required skills is based on the literature review while the classification of stakeholders extends the approach introduced by [17], who, however, dealt only with open data. They provided examples of different levels of expertise and proficiency for each of them, i.e. basic, intermediate, proficient, and advanced. We reduced their classification to three main roles because it better represents the needs of the educational sector. 

Since BOLED analytics is a complex process involving multiple activities that may or may not be necessarily performed to gain value from these data, a three-level skills matrix was proposed to better reflect required capabilities, skills, and attitudes for different stakeholders. It is shown in Fig. 2. The first level is represented by general skills, i.e. hard and soft skills. Hard skills are further divided into core skills (foundational literacies) and domain and educational knowledge while soft skills can be classified into competencies and character qualities. At the second level, scenario-based skills related to each phase and activities of the BOLED lifecycle are defined. The lifecycle is cyclical, reflecting the continuous nature of BOLED. Both these levels are mapped for different roles of stakeholders representing the third dimension.
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Figure 2. A three-dimensional representation of required skills in the framework.

4 Results and Recommendations

The results provided by the expert opinion poll showed that regarding to apply BOLED analytics and gain value from these data, it is required to have hard skills to perform these tasks, next to domain and educational knowledge. Everyone mentioned data and information literacy as the most important one and argued that it should be a critical part of any education level. It is also crucial to have a good understanding of the problem and topic to be able to answer the right questions. As can be seen in Tab. 1, required skills differ between each role, i.e., from 1 = extremely unimportant to 5 = extremely important.
On the other hand, it was confirmed that not all the BOLED lifecycle phases need to be performed by one stakeholder and it is possible and recommended to involve more stakeholders to work together. More precisely, it cannot be expected one person to have all the skills needed to handle these data. In this regard, soft skills related to communication, collaboration, and cooperation are important to overcome the missing hard skills of some stakeholders. The team-working and communication between stakeholders with various levels of skills are challenging and should be focused on enhancing learning and teaching contexts through integrated, connected and technology-supported learning environments for all the team members. On the other hand, the experts expect that stakeholders with advanced skills will also work alone to make the whole process faster and more effective. The storytelling is an important part of analysing data. Finally, what matters the most is how motivated and initiative-oriented as well as creative and curious are involved stakeholders to explore large amounts of data from different angles, assess the possibilities of datasets, and generate novel solutions to problems based on these data. 

Regarding the roles in which stakeholders can work with BOLED and perform related activities, there is a consensus on the importance of respected phases for each role. A stakeholder with basic skills should focus on data acquisition and extraction, visualization and use, and tasks encompassing data publication, sharing, and reuse. One needs to be able to find them at the first place and then collect, select and filter them. For a stakeholder with intermediate skills it is important to handle tasks related to data management and preparation, storing and archiving, and visualization and use. One needs to be able to manage and prepare datasets and transform them into formats needed for the analysis. An expert should have the skills to perform processing and analysis of these data to provide new insights and summarized outputs for other stakeholders. 

The phase that requires soft skills the most is data publication, sharing, and reuse since stakeholders of all roles should participate here and bring together their skills to create value. They should learn to collaborate with experts understand the possibilities as well as limitations of these data to integrate new data analytics and technologies effectively into responsible practice. The most important activity is being able to view and explore datasets visually. However, visual information is not always accessible through data analytics tools or open data portals and the potential to engage more stakeholders is not fully used. Therefore, on the one hand, it is necessary to increase emphasis on data visualization techniques in the educational process and, on the other hand, tools developers and data providers should introduce more features to enable applying these skills in practice. Regarding other features of these tools, there is a growing number of free tools and software packages easily accessible online with which data analytics becomes much easier, even without a technical background. This enables encouraging more stakeholders with basic or intermediate skills to try some of the activities and gain an insight into the processes behind these data.
Table 1. The results provided by the expert opinion poll.

	Skills required for BOLED analytics
	Roles of stakeholders

	General skills: 1. Hard skills
	Basic
	Intermediate
	Advanced

	1.1 Core skills (foundational literacies):
	3.75
	4.75
	5.00

	1.1.1 Data and information literacy 
	4.50
	4.75
	5.00

	1.1.2 Numeracy 
	4.00
	4.50
	5.00

	1.1.3 ICT and scientific literacy 
	2.50
	4.25
	5.00

	1.1.4 Financial literacy 
	2.25
	4.00
	4.75

	1.2 Domain and educational knowledge:
	2.75
	4.25
	5.00

	1.2.1 Knowledge of the sector
	3.25
	4.25
	5.00

	1.2.2 Knowledge of the topic 
	2.75
	4.25
	5.00

	General skills: 2. Soft skills
	Basic
	Intermediate
	Advanced

	2.1 Competencies:
	3.00
	4.00
	5.00

	2.1.1 Collaboration and team-working 
	4.25
	4.75
	4.25

	2.1.2 Communication 
	4.25
	5.00
	4.75

	2.1.3 Critical thinking and problem solving 
	2.75
	4.00
	5.00

	2.1.4 Analytical thinking 
	2.75
	4.25
	5.00

	2.1.5 Conceptual thinking 
	2.00
	3.50
	4.75

	2.1.6 Storytelling
	2.00
	3.25
	4.50

	2.1.7 Lifelong learning 
	3.50
	3.75
	4.50

	2.2 Character qualities:
	3.00
	4.25
	4.75

	2.2.1 Motivation and initiative 
	4.00
	4.50
	5.00

	2.2.2 Creativity and curiosity 
	3.50
	4.50
	5.00

	2.2.3 Adaptability and flexibility 
	3.50
	4.25
	4.75

	2.2.4 Achievement orientation and proactivity 
	3.25
	4.25
	5.00

	2.2.5 Persistence and coping with stress 
	3.25
	4.00
	4.50

	2.2.6 Responsibility
	3.25
	4.00
	5.00

	2.2.7 Leadership
	1.50
	3.00
	4.75

	2.2.8 Self-confidence 
	3.25
	3.75
	4.25

	2.2.9 Social and cultural awareness 
	2.50
	4.00
	4.50

	Scenario-based skills for the BOLED lifecycle
	Basic
	Intermediate
	Advanced

	phase 1: Data acquisition and extraction:
	3.75
	4.00
	5.00

	Generate (create)
	2.00
	4.00
	5.00

	Collect (gather)
	3.75
	4.50
	5.00

	Select and filter
	3.75
	4.25
	5.00

	Extract and load
	3.25
	4.00
	4.75

	phase 2: Data management and preparation:
	3.00
	4.25
	5.00

	Clean and prepare
	3.00
	4.25
	5.00

	Pre-process and validate
	2.75
	4.00
	4.75

	Transform (format)
	3.00
	4.00
	5.00

	phase 3: Storing and archiving:
	3.00
	4.75
	5.00

	Store and secure
	3.25
	4.50
	5.00

	Transport and transfer
	3.00
	4.50
	5.00

	Search and find
	4.25
	4.75
	5.00

	Archive and curate
	3.00
	4.50
	4.75

	phase 4: Processing and analysis:
	2.50
	4.50
	5.00

	Analyze and integrate
	2.50
	4.50
	5.00

	Model and simulate
	1.75
	4.25
	4.75

	Predict and optimize
	1.25
	3.75
	4.75

	phase 5: Visualization and use:
	4.00
	5.00
	5.00

	View and explore
	4.75
	5.00
	5.00

	Visualize and interact
	4.25
	4.50
	5.00

	Evaluate and interpret
	3.75
	4.50
	5.00

	Feedback and report
	4.25
	5.00
	5.00

	phase 6: Publication, sharing, and reuse:
	3.50
	4.75
	5.00

	Search and retrieve
	4.25
	4.75
	5.00

	Define standards (licenses)
	2.50
	4.00
	4.75

	Mash-up (combine)
	3.00
	4.00
	4.50

	Interlink and connect
	3.25
	4.75
	4.75

	Collaborate and discuss
	4.25
	4.75
	4.50

	Request and suggest
	3.00
	4.75
	5.00

	Share and spread
	4.00
	4.75
	5.00


Our findings are in line with [22], who recommended to set up a multi-disciplinary team with motivated and creative stakeholders, give this team the mandate to experiment with data, and let them formulate an emergent data strategy. When successful, the start-up team may motivate and engage more teams within the organization and help to create inter-organizational networks with complementing skills and experience. In addition to the findings outlined above, authors in [23] argued that skills should also include an understanding of the laws in relation to these data including their interpretation and limits, together with a more detailed explanation, guidance, and clarification. The question of security and privacy is also widely discussed by the researchers [8], [12]. It is especially challenging to apply appropriate anonymization techniques for releasing datasets at a level of fine granularity and disaggregation without compromising personal privacy. Educational institutions should assess the value that their data hold and then deal with privacy infringement, publication of data against the law and improper or inaccurate data, misinterpretation of data, etc. [23]. Miller in [21] recommended setting minimum standards for data and analytics literacy required by all students in the age of big data. These literacy training should be created and delivered via OER and MOOC. In addition, open online communities should be established to engage industry, government, and academia due their shared interests and importance of open data portals [10], [27]. 
5 CONCLUSIONS
In the era of the data-driven economy, abilities to find, select, and bring together different data sources in order to turn them into knowledge should be included in the educational process. Whereas literature has mainly focussed on the role that ICT can play in facilitating students and other stakeholders in this process, there is a significant need to understand and define required capabilities, skills, and attitudes to work and reuse these data. Regarding the extent of opportunities provided by BOLED, students, teachers, and the whole education system should be prepared to take advantages of them.

This paper aimed to provide a classification framework of abilities needed for dealing with these data. We defined the phases that are crucial for BOLED analytics: 1) acquire and extract, 2) manage and prepare, 3) store and archive, 4) process and analyse, 5) visualize and use, and 6) publish, share, and reuse. The BOLED lifecycle consists of these subsequent phases, and each phase has its activities that need to be performed. Together with relevant hard and soft skills, selected experts evaluated their importance for different roles in which students, teachers and other stakeholders work with these data.

The results indicate that not only hard skills such as mathematics and statistics knowledge or programming and reporting skills are required, but also soft skills involving collaboration and communication or critical and analytical thinking are needed. Taken together, these results suggest that building a multidisciplinary team with multiple hard and soft skills is the best way to leverage the opportunities offered by BOLED analytics. Each team member can learn from skills of a colleague and develop an overall understanding of the different processes related to these skills. These shared skills should be then complemented across the team. 

For educational institutions, these findings mean that they should be able to deliver their courses more efficiently and more appropriately for their students. It should allow students to gain more from data, provide new ways to explore resources, concepts, ideas, and objects in various areas, link this knowledge, enrich existing resources or create new ones. Further, BOLED analytics can support educational institutions by providing new reporting, visualization and interaction interfaces to present educational resources.
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