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ABSTRACT 

Information Systems (IS) and technology has long transformed the landscape of education. 

Recently, learning analytics (LA) has emerged as a new educational technology and drawn the 

attention of academics, researchers, and administrators. LA can offer educational stakeholders 

useful feedback and insights about the process of learning and teaching. LA is rapidly being 

applied in different educational settings including higher education, often as an ad-hoc analysis 

without the guidance of a research. Although the literature has revealed a substantial base of 

LA techniques for analysing discourse, social interactions, and descriptive and predictive 

models, few institutions have been able to provide evidence around successful implementation 

of learning analytics information systems (LAIS). Despite the currently limited understanding 

of underlying information systems that support learning analytics, existing reports on LAIS 

implementations indicate their significant potential for improving learning and teaching. 

This research aims to examine the development and implementation of LAIS in the 

context of higher education. Notably, it attempts to address two overarching research questions: 

1) What are the fundamentals of learning analytics and their applications? And 2) How to 

design underlying information systems that support learning analytics? First, the study 

investigates and contributes to better understanding of the concepts around data analytics in 

higher education, i.e., learning analytics (LA), academic analytics (AA), and educational data 

mining (EDM). This study is then focused on LA which centres around learning and teaching. 

The key dimensions of LA are determined to establish a multi-layered taxonomy of LA 

applications and a domain-specific ontology. Furthermore, the study proposes conceptual 

frameworks and roadmaps for applying LA in different learning environments. The study 

establishes a foundation for the development and implementation of LAIS by creating a set of 

design principles. Moreover, LAIS architecture is proposed for managing processes and 

technologies. An operational LAIS is developed and implemented at a university for 

demonstration and evaluation. The research offers not only several conceptual and system 

artefacts, but also empirical evidence of the opportunities and challenges facing the 

implementation of LAIS in higher education. 

This study was guided by the ontology-based design science research (ODSR) 

approach. The research proposes ODSR as an approach combining the forces of design science 

research (DSR) and ontology studies for knowledge accumulation and evolution. ODSR offers 

a semantic view of the research domain, and the use of ontologies provides considerable help 
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 throughout the process of creating and evaluating research artefacts in DSR. The ontologies 

are also considered as research artefacts created and evaluated through DSR cycles. As a DSR 

methodology, ODSR is multi-methodological and involves multiple iterations of observation, 

theory building, artefact design, development, demonstration, and evaluation. 

This thesis follows the “Ph.D. with publications” approach and contains six original 

research articles.  The first article describes the research approach that was used in this study.  

The second article reviews the literature on learning analytics and related concepts in the 

context of higher education to provide a holistic view of the domain. The third article examines 

the critical dimensions of learning analytics and constructs a multi-layered taxonomy of 

learning analytics applications. The fourth article builds a domain-specific ontology of learning 

analytics to offer a semantic view. The fifth article derives the proposed conceptual framework 

for developing learning analytics and demonstrates its application in a specific context, i.e., 

educational games for learners with intellectual disabilities. The sixth paper develops a set of 

design principles for LAIS then demonstrates and evaluates them in a case study.  
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Chapter I: INTRODUCTION 

“…Since we are in the midst of a technological revolution, it is difficult to 

estimate the effects that it will have on schooling and learning. However, it 

is safe to say that the revolution in education will be felt all across modern 

society.” 

(Collins & Halverson, 2010. p.24) 

In the Information Age, digital technologies and information systems (IS) have gradually 

replaced pen and paper, chalk and board in education. Students have become independent and 

active learners while teachers have become knowledgeable experts, learning designers, and 

facilitators (Breivik, 1998; Collins & Halverson, 2010). Rather than playing the role of a 

curriculum implementer and a conduit of the syllabus to reproduce knowledge, teachers are 

now required to establish learning designs customised for learner needs and local 

circumstances in the process of creating knowledge (Asensio-Pérez et al., 2017; Kalantzis & 

Cope, 2010). Teachers are also expected to understand and utilise information technologies and 

systems to improve the learning experience and maximise the impact of technology-enhanced 

learning. 

Recently, learning analytics (LA) has emerged as a new discipline that incorporates of 

analytics technology and education. LA has offered distinct values to learning and teaching 

(Nguyen, Gardner, & Sheridan, 2017; Siemens & Long, 2011). For instance, LA provides 

educational stakeholders with useful insights into the process of learning and teaching for self-

regulation. Furthermore, learning analytics information systems (LAIS) allow for monitoring 

student performance in a real-time basis and identifying those at-risk for early intervention 

(Wolff, Zdrahal, Nikolov, & Pantucek, 2013; Xing, Guo, Petakovic, & Goggins, 2015). 

However, the application of LAIS in higher education has faced several challenges (Chatti et 

al., 2014; Daniel, 2015). Accordingly, this study is concerned with an investigation into the 

research field of learning analytics which recently emerged from the incorporation of IS and 

education.  

In this chapter, I first introduce the research background and motivation for this study 

(Section 1.1). Hereafter, research objectives are constructed to answer the formulated research 

question and address the targeted research problems and practical challenges (Section 1.2 and 

1.3). Research scope and approach (Section 1.4) are established to present how this study 

accomplishes the defined objectives. Lastly, this chapter draws out an overview structure of 

the thesis (Section 1.5). 
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1.1. Research Background and Motivation 

The advent of new information technologies and systems has revolutionised and transformed 

the education landscape in various ways (Goodlad, 1966; Hathaway, 1985; Siemens, 2014). 

They enabled distance learning (Offir, Lev, & Bezalel, 2008; Webster & Hackley, 1997), 

collaborative learning (Dillenbourg, 1999; Schuster, Groß, Vossen, Richert, & Jeschke, 2016), 

and active learning (Oigara, Onchwari, Keengwe, & Global, 2014). Digitalisation has 

influenced and changed how education functions and is administered. Accordingly, the 

integration of information technologies and systems into education has become a significant 

concern in many institutions. Most institutions in higher education have applied several digital 

technologies and systems in learning and teaching (Dahlstrom, Brooks, & Bichsel, 2014; 

Daniel, 2015).  

There are different perspectives on using information systems (IS) and technologies in 

education. To some extent, educational information systems (EIS) are an optional enhancement 

to learning and teaching; the institutions deploy EIS as a tool to achieve particular purposes 

and to support educational processes. In this case, a learning-driven approach is applied for the 

implementation of a computer-based learning environment. However, many institutions wish 

to be up to date with the state-of-the-art, and thus a technology-driven approach is defined. One 

of the reasons could be to search for new educational models that can improve or change the 

current stage of learning and teaching. 

Nevertheless, for the last four decades, technology has become a part of our lives as 

well as our educational ecosystems (Lasi, Fettke, Kemper, Feld, & Hoffmann, 2014). Apart 

from face-to-face instruction, online interaction has been gaining an increasing presence and 

become a key learning and teaching channel (Dahlstrom et al., 2014; Leidner & Jarvenpaa, 

1995). In order to maximise the impact on learning and teaching, educators must adjust 

traditional instructional practices and adopt appropriate strategies for technology-enhanced 

learning (TEL). It is now necessary for institutions not only to use technology as a tool but also 

to broadly embrace it.  

Since the 1960s, researchers and educators have recognised the potential of using 

computers and IS in education (Goodlad, 1966; Oettinger & Marks, 1969). There has been 

steady and intensive incorporation of computers and IS in education (Coleman & Karweit, 

1970; Leidner & Jarvenpaa, 1995; Nicholson, 2007; Nguyen, Gardner, & Sheridan, 2017). For 

example, there have been several projects for design, development, implementation, and 



 

 

 

Learning Analytics Information Systems for Higher Education 

 

 

P a g e | 3 Introduction 

adaptation of information systems specialised for education (Dahlstrom et al., 2014; Leidner 

& Jarvenpaa, 1995). At the same time, IS researchers and practitioners have recognised EIS as 

one of the main IS application areas (Barki, Rivard, & Talbot, 1993). Conversely, IS education 

has also been classified as a key track in IS research (Barki, Rivard, & Talbot, 1988; Barki et 

al., 1993). The incorporation of IS into education led to new research domains, theories, and 

principles which sought to address challenges facing education as well as the growth of the IS 

discipline.  

The use of IS has led to continuously improving the effectiveness of learning and 

teaching in higher education (Dahlstrom et al., 2014; Leidner & Jarvenpaa, 1995). Meanwhile, 

the progress in IS has increasingly intensified society’s demands for changes in education (Lasi 

et al., 2014). This relationship forms a co-dependency between IS and education. As education 

is facing new challenges and consequently new opportunities from the advancement of 

technologies, we believe research into the effective use of cutting-edge technologies in 

education is timely. 

Over the past few years, researchers and educators have noted the potential use of big 

data and data analytics in higher education (Chaurasia, Kodwani, Lachhwani, & Ketkar, 2018; 

Daniel, 2015; Picciano, 2012). Learning analytics has emerged as a research discipline that 

applies data analytics to better understand and enhance learning and teaching. In other words, 

learning analytics is a process of collecting, inspecting, cleansing, transforming, and modelling 

data with the goal of discovering useful insights, informing practice and supporting decision 

making in learning and teaching.  The widespread use of computers and IS in higher education 

has produced numerous sets of educational data, and this has led to an increasing interest in 

learning analytics. 

Although learning analytics has been a relatively new research field, the concept of 

using educational data to improve learning and teaching has existed since the last century 

(Biggs, 1993; Nevo, 1983; Oettinger & Marks, 1969). For instance, Nevo (1983) attempted to 

conceptualise educational evaluation and proposed an analytical framework consisting of 

multiple dimensions. Subsequently, Hathaway (1985) suggested that “the main barrier to 

effective instructional practice is lack of information”. In addition, he showed the hopes and 

possibilities for EIS to utilise educational data. Nevertheless, the number of studies of analytics 

in education had been relatively few and not differentiated until the term “learning analytics” 

was coined by the Society for Learning Analytics Research (SoLAR)1 in 2012.  

 

1 The Society for Learning Analytics Research: https://solaresearch.org/  

https://solaresearch.org/
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Since then, there has been a growing body of literature that recognises the importance 

of data analytics in education. For instance, several attempts have been made to investigate the 

use of learning analytics in order to increase student retention and improve student success 

(Arnold & Pistilli, 2012; Clow, 2012; Dietz-Uhler & Hurn, 2013). Educational institutions can 

employ the power of learning analytics to monitor and predict student performance for early 

alerts (Wolff et al., 2013). Furthermore, real-time feedback can be offered to both students and 

teachers for self-evaluation. The theory and development of learning analytics and related 

concepts provide a useful account of how to understand and improve learning and teaching. 

However, the application of data analytics in higher education may face severe difficulties 

related to funding shortfalls, technological innovations, staff training, student demographics, 

and managing engagement (Daniel, 2015, 2017). This study hopes to support institutions and 

academics in adopting learning analytics as well as providing a better understanding of the 

field. 

Accordingly, this doctoral thesis embodies an attempt to examine the concept of 

learning analytics in the context of higher education. In the next section, practical challenges 

and research problems are identified as a basis for forming the overarching research questions 

that guide this study. 

1.2. Practical Challenges and Research Problems 

In light of research motivations, this research looks at the research field of learning analytics 

and the practice of learning analytics in higher education. Hereafter, we identify the practical 

challenges and research problems within the domain of interest.  

1.2.1. Challenges and Opportunities in Learning Analytics 

The past decade has seen the rapid evolution of learning analytics in many aspects, and a 

growing body of literature that recognises the importance of this recently-emerged field 

(Goldstein & Katz, 2005; Ifenthaler & Widanapathirana, 2014; West, 2012). While a massive 

amount of educational data is generated every minute, most institutions have not gathered and 

utilised the data effectively. Although learning analytics has demonstrated potential benefits to 

educational stakeholders (Nguyen et al., 2017; Peña-Ayala, 2018), there are several challenges 

facing the implementation of learning analytics in higher education (Chatti et al., 2014; Daniel, 

2015; Dawson, Gašević, & Siemens, 2014). As an interdisciplinary field, learning analytics 

involves different expertise from different disciplines such as IS, computer sciences and 
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education (Dawson et al., 2014). Consequently, the development and implementation of an 

effective learning analytics system in institutions require extensive resources, skills, and in-

depth knowledge. Even though different sets of challenges have been conceptualised by 

previous studies (Daniel, 2015; Slade & Prinsloo, 2013), there remains a paucity of evidence 

on the issues encountered in the application of learning analytics in higher education. 

While much of the research up to now has explored and evaluated the use of learning 

analytics in higher education, little attention has been paid to formally classifying the 

applications of learning analytics (Nguyen et al., 2017). As the concept of learning analytics is 

relatively new, the structure of the domain knowledge is not yet well established (Nguyen, 

Gardner, & Sheridan, 2018b). A systematic understanding of learning analytics is needed to 

establish a knowledge representation of the field. The knowledge representation of learning 

analytics would aid educational stakeholders and IS researchers in exploring, developing and 

applying this technology.  

Institutions in higher education are increasingly seeking a solution to embed learning 

analytics functions into their EIS such as learning management systems (LMS). Many LMS 

solutions neither satisfy the users’ functional demands nor dynamically support the learning 

strategy for today’s challenges and future objectives (BHG, 2015). Dahlstrom et al. (2014) 

reported that institutions are looking to replace their LMS with those with enhanced features 

and operational functions related to future needs, ease of integration and reporting and 

analytics. They desire customised graphical outputs (e.g., infographics) and analytics to aid 

decision making ultimately leading to better learning outcomes, personalised learning, 

collaboration, and engagement. 

1.2.2. Problems and Opportunities in Design Science Research (DSR) 

In the field of information systems, Design Science Research (DSR) is a common research 

method known for both producing innovative artefacts and contributing to the body of 

knowledge. However, one of the most critical challenges for DSR is to evaluate a designed 

artefact and knowledge contribution (Gregor & Hevner, 2013; Hevner, March, Park, & Ram, 

2004). Moreover, the current ways of sharing ideas and resources have been the primary 

obstacles to greater collaboration and creative innovation in DSR. Collaboration and 

innovation are at the forefronts of the evolution of both technology and education. In the past 

few years, many researchers and educators have shown interest in open, collaborative 

innovation (Baldwin & Hippel, 2011; Burns, Crow, & Becker, 2015). Thus, the need arises to 

establish a suitable mechanism and method for knowledge sharing and collaborative 
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innovation. Recently, the top IS journals have called for design science approaches that can 

promote knowledge accumulation and evaluation (Peffers, Tuunanen, & Niehaves, 2018; 

Sarker, Gregor, Lyytinen, Jarvenpaa, & Ein-Dor, 2017). 

The branch of research used for knowledge management and sharing usually refers to 

ontology study or ontology engineering. We argue for the potential opportunities associated 

with combining the forces of DSR and ontology engineering to enhance knowledge 

accumulation and evaluation. An ontology will act as a knowledge sharing mechanism in which 

researchers assemble knowledge parts throughout the DSR process. Ontology engineering will 

not only enable effective and formal knowledge sharing between researchers and practitioners 

but also help to determine the significance of a particular DSR study. 

1.3. Research Questions and Objectives 

To address the aforementioned research and practical issues and opportunities, the research 

aims to explore the essentials of data analytics in higher education. We seek to provide a timely 

opportunity to contribute to learning analytics in higher education. In order to achieve this goal, 

this study focuses on two overarching questions: 

RQ1. What are the fundamentals of learning analytics and their applications? 

RQ2. How to design underlying information systems that support Learning Analytics?  

Accordingly, the specific objectives of this research are defined as shown in Figure I-

1. The first research objective (RO1) addresses the research problems, and opportunities in 

DSR identified in Section 1.2.2. The set of research objectives on the left of Figure I-1 (RO1-

RO6) are framed to answer the first research question (RQ1), while the remaining research 

objectives (RQ7-11) provides solutions for the second research question (RQ2). 

The study attempts to achieve these research objectives and answer the research 

questions through the process of analysing, designing, developing and evaluating various 

research artefacts. The built artefacts can be used to comprehend and support each other, and 

collectively address the research questions. Nevertheless, each of them is designed to work 

self-sufficiently, and as such can be implemented independently from the others. The creation 

and application of research artefacts also contributed new understanding and knowledge to the 

problem domain (Hevner et al., 2004). 
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Figure I-1: Research Questions and Objectives 
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1.4. Research Scope and Approach 

In order to address the research questions and objectives depicted in Figure I-1, an Ontology-

based Design Science Research (ODSR) study (Nguyen, Gardner, & Sheridan, 2019) was 

designed and conducted with multiple iterations of conceptualisation, design, development, 

demonstration, and evaluation of research artefacts. This section draws out the focal research 

domain, contextual framework, and research approach. 

1.4.1. Research Domain and Contextual Framework 

This study focuses on learning analytics, an interdisciplinary domain that crosses boundaries 

between three broad disciplines: 1) IS and technologies; 2) mathematics and statistics, and 3) 

education (as shown in Figure I-2). 

 

Figure I-2: Learning Analytics as an Interdisciplinary Domain 

Mainly, this research is bounded by the subdomains of DSR in IS and learning and 

teaching in higher education. While the study is situated within the context of higher education, 

the research techniques adopted from the domains of IS provide concrete prescriptions for 

creating research artefacts and representing knowledge of the study domain.  
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In the context of higher education, the study looks at three levels of focus (as illustrated 

in Figure I-3) to provide a semantic and systematic understanding of learning analytics from 

both broad and narrow views. 

The highest level of focus is a holistic point of view on data analytics in higher 

education. At this level of focus, we review learning analytics and related concepts of 

educational data analytics in the context of higher education. Notably, the study seeks to 

establish an integrated view of three highly correlated terms: Learning Analytics (LA), 

Academic Analytics (AA) and Educational Data Mining (EDM). 

The second level of focus looks at learning analytics in particular to offer a 

comprehensive view of this concept. Knowledge representation of learning analytics is 

constructed to represent information about the domain in a form that a computer system can 

utilise. We seek to provide a better understanding of learning analytics and establish 

foundations for further design and development of computer systems for this technology. 

The last level of focus inspects the design and implementation of learning analytics 

information systems (LAIS) in higher education. First, we design frameworks for developing 

learning analytics systems to support learning and teaching. Furthermore, we illustrate how the 

framework may be adopted in different contexts and its provision for inclusive education. In 

addition, a set of design principles for LAIS is created from theory-inspired conceptualisations 

based on the literature. The proposed set of design principles are evaluated and revised through 

a DSR process of demonstration and evaluation.  

 

Figure I-3: Contextual Framework of the Study 
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Figure I-4 illustrates how the original articles fit the contextual framework and where 

they were positioned in this thesis. 

Article I: “Towards Ontology-Based Design Science Research for Knowledge 

Accumulation and Evolution”, which was published in the proceedings of the 52nd Hawaii 

International Conference on System Sciences (HICSS 2019) developed a DSR approach for IS 

research. This approach was adopted as the meta-methodology for our study (further discussed 

in Section 1.1.4, 2.1 and 2.2).  

Article II: “A Systematic Review of Data Analytics in Higher Education: An Integrated 

View“, which is accepted for the Journal of Information Systems Education (JISE) explored 

and conceptualised the domains of data analytics in higher education. 

Article III: “A Multi-layered Taxonomy of Learning Analytics Applications“, which 

was published in the proceedings of the 21st Pacific Asia Conference on Information Systems 

(PACIS 2017) presented a taxonomy that offered an overview of LA applications and formed 

the basis for building an ontology of learning analytics.  

Article IV: “Building an Ontology of Learning Analytics”, which was published in in 

the proceedings of the 22nd Pacific Asia Conference on Information Systems (PACIS 2018) 

demonstrated an ontology of learning analytics that provided a semantic view of the domain. 

Article V: “A Framework for Applying Learning Analytics in Serious Games for 

People with Intellectual Disabilities”, which was published in the British Journal of 

Educational Technology depicted a derivative of the Learning Analytics Information Systems 

(LAIS) Framework. The derived framework demonstrated the adoption of the LAIS framework 

Figure I-4: Positioning the Original Articles in this Thesis 
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in a specific educational technology context (serious gaming environment) and its support for 

creating inclusive education.   

Article VI: “Design Principles for Learning Analytics Information Systems in Higher 

Education”, which is targeted for submission to the European Journal of Information Systems 

(EJIS) developed a set of design principles that established a foundation for further 

development and implementation of learning analytics to support learning and teaching in 

higher education. 

1.4.2. Research Approach 

The multi-methodological approach to IS research (Nunamaker, Chen, & Purdin, 1990) has 

been a popular research framework that guides researchers and practitioners to examine and 

understand a phenomenon through the development and implementation of IS (Hevner et al., 

2004). The multi-methodological method iterates between four main research activities namely 

observation, theory building, systems development, and experimentation. The observational 

studies can indicate benchmarks and raise research questions for theory building, which aims 

to establish and evaluate conceptual frameworks, mathematical models and methods. 

Alternatively, systems development including prototyping and technology transfer intents to 

produce a system artefact that can not only solve practical problems but also support the 

proposed theories. Experimentation is applied to validate the system artefacts and confirm 

previous theories or observation. 

Bai et al. (2013) propose a multimethodological design science approach by revising 

and integrating Nunamaker et al.’s (1990) approach with related works by March and Smith 

(1995), Adams and Courtney (2004) and Hevner et al. (2004). Bai et al.'s (2013) research 

framework has three presentation layers: research strategies, research methods, and research 

outputs. The research strategies consist of the four main research activities of the multi-

methodological approach by Nunamaker et al. (1990). The research methods layer specifies 

the set of applied research methods for each of the research strategies. The last layer represents 

the research outputs of the study. Nevertheless, this approach does not address the identified 

need for knowledge sharing and collaborative innovation in DSR (as described in Section 1.3) 
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We observed that combining the forces of DSR and ontology engineering would deliver 

the potential for knowledge sharing and accumulation. Figure I-5 demonstrates how DSR and 

ontology study interact within the research domain. 

Furthermore, as this study examines a newly-emerged interdisciplinary field, learning 

analytics, a semantic and systematic understanding of the concepts within the research domains 

is essential (Nguyen et al., 2018b). We sought a research methodology that would allow for 

investigation of the domains of interest from both a design science and a semantic perspective. 

Consequently, Ontology-based Design Science Research (ODSR) is developed as a part of this 

study and used as the predominant research methodology.    

Figure I-5: The Relationship between DSR and Ontology Study 
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1.5. Structure of the Thesis 

Figure I-7 illustrates the structure of this thesis. 

Figure I-6: Structure of the Thesis 
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Chapter I – Introduction:  This chapter has introduced the main purpose of the study and 

motivations for examining learning analytics in the context of higher education. It has 

identified practical challenges and research problems, then established the research questions 

and objectives guiding this study. In addition, the chapter has presented the contextual 

framework and research approach used in this study. 

Chapter II – Research Methodology: This chapter exclusively presents the research 

methodology adopted for this study. Article I serves as the main content of this chapter which 

describes the ODSR in IS and its roadmap.  

Chapter III – Literature Review: This chapter sets a theoretical background for the 

study and presents the current stage of the literature on learning analytics and related domains. 

Article II serves as the main content of this literature review chapter. It reviews the concepts 

of learning LA, AA, and EDM in higher education. It also offers a holistic view of these 

research domains and their cooperation.  

Chapter IV – Taxonomy and Ontology of Learning Analytics: This chapter provides 

knowledge representation for the domain of learning analytics. The chapter consists of two 

published articles: Article III and IV. Article III develops a multi-layered taxonomy of 

learning analytics applications. Articles IV builds an integrated ontology of learning analytics. 

Chapter V – Conceptual Frameworks for Learning Analytics: This chapter presents 

the conceptual framework for designing and developing a learning analytics information 

system. In this chapter, Article V serves as the demonstration of the framework application in 

a specific context. Particularly, it demonstrates how the framework can be derived to support 

the implementation of learning analytics in serious games for people with intellectual 

disabilities. 

Chapter VI – Design, Development, and Implementation of Learning Analytics 

Information Systems: This chapter includes Article VI that creates, demonstrates and 

evaluates a set of design principles for a class of IS that utilises learning analytics in higher 

education. In addition, the chapter depicts the development and implementation of a fully 

functioning LAIS as an instantiation of the system class. 

Chapter VII – Summary of Research Artefacts: This chapter reviews the set of 

research artefacts created through the study. First, it recalls the concept of IS artefacts in DSR. 

It then provides a list of research artefacts created in this study and depicts their evaluation. 

Chapter VIII – Contributions and Conclusions: Finally, the thesis concludes with 

the summary of key contributions, outlines of potential limitations and future research 

directions. 
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Chapter II: RESEARCH METHODOLOGY  

In Information Systems (IS) research, the two focal research paradigms are behavioural 

research and design research (Hevner et al., 2004). While behavioural research seeks to form 

and validate theories that extend the understanding on human or organisational behaviour, 

design research aims to create artefacts that deliver both utilities and new knowledge 

(Vaishnavi & Kuechler, 2005). Design is for crafting an innovative artefact, and research refers 

to the incessant search for knowledge and understanding. This study follows a design research 

approach called Ontology-based Design Science Research (ODSR) which combines the forces 

of Design Science Research (DSR) and ontology engineering for knowledge accumulation and 

evolution (Nguyen et al., 2019). In this chapter, ODSR is described in Article II. 
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2.1. Towards Ontology-Based Design Science Research 

for Knowledge Accumulation and Evolution (Article I) 

The potential of design science research (DSR) to contribute to real-world problem solving and 

innovation has been considered as an opportunity for IS researchers to demonstrate the 

relevance and significance of DSR paradigm. While most DSR studies have been informed 

single design and development projects, future research needs to consider knowledge sharing 

and accumulation across multiple projects. This paper argues for combining the forces of 

design science research and ontology studies to foster knowledge creation and evolution. We 

propose a new approach to DSR by adopting ontology engineering as a knowledge sharing 

mechanism in which researchers assemble knowledge parts throughout the study. We develop 

a framework for understanding, conducting and evaluating ontology-based design science 

research, and then present the roadmap and guidelines for its conduct and evaluation.  This 

paper concludes with a call for more collaborative efforts in design studies in IS research.  

2.1.1. Introduction  

In recent years, the Information Systems (IS) research community has made significant 

progress in establishing a sound foundation for high-impact design science research (Hevner 

et al., 2004; Peffers, Tuunanen, & Rothenberger, 2007; Sarker et al., 2017). With respect to 

innovation, Design Science Research (DSR) is the common research method known for both 

producing innovative artefacts and contributing to the body of knowledge. One of the most 

critical challenges for DSR is to evaluate a designed artefact and knowledge contribution 

(Gregor & Hevner, 2013; Hevner et al., 2004). However, the current way of sharing ideas and 

resources have been the main obstacles preventing greater collaboration and creative 

innovation. Recently, the IS research community has heightened the need to establish a suitable 

mechanism and method for knowledge sharing and collaborative innovation (Peffers et al., 

2018; Rai, 2017; Sarker et al., 2017). It is time to foster knowledge accumulation and evolution 

from DSR studies (Sarker et al., 2017). 

In the fields of information systems and computer science, the branch of research used 

for knowledge management and sharing is usually referred to as ontology study or ontology 

engineering (Li, Raskin, & Ramani, 2007). Although previous research has proposed 

comprehensive ontologies of academic studies to support scientific research (Ghanem, 

Mouloudi, & Mourchid, 2015; Ostrowski, Helfert, & Gama, 2014; Reiterer & Venable, 2016; 
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 Reiterer, Venable, & Reiners, 2015), formal research methodology and guidelines are not well 

established to promote scientific research based on ontologies.  

This research was motivated by the unsuccessful search of current approaches to 

finding a formal method and guidelines for integrating ontology into design science research 

for knowledge accumulation and evolution. We found challenges in exploring the existing DSR 

artefacts and selecting appropriate instruments for conducting and evaluating DSR studies. 

Furthermore, we observe a need for an approach to formally structure the representation of 

DSR studies.  

We argue for the usefulness of combining design science research and ontology 

engineering. In particular, we propose a new approach to DSR by adopting ontology 

engineering as a knowledge sharing mechanism. An ontology will act as the mainstay of a 

study in which researchers assemble knowledge parts throughout the study. Ontology mapping 

will not only enable effective and formal knowledge sharing between researchers and 

practitioners but also determine the significance of a particular DSR. Above all, the ontologies 

may reveal knowledge gaps for further research and innovation. Ontology-based design science 

research (ODSR) helps researchers throughout the process of analysis, artefact design, 

development, and evaluation. This paper provides a framework for understanding, conducting, 

and evaluating ontology-based design science research (ODSR) by incorporating the 

components adopted from both the DSR framework by Hevner et al. (2004) and the well-

known methodology for building ontologies by Uschold and King (1995). 

The paper is structured as follows. First, section 2 reviews the design science literature 

in Information Systems (IS). The section introduces the diversity of design science in IS 

research, the nature of IS artefacts, their contributions, and current challenges of DSR. In 

section 3, ontology-based knowledge management for scientific research is introduced to 

facilitate the development of a research agenda for ontology-based design science research 

(ODSR). Section 4 proposes a framework for ODSR and, in section 5, an ODSR roadmap and 

guidelines are introduced for conducting and evaluating ontology-based design science 

research. Section 6 demonstrates an example of the application of ODSR to discuss how this 

ontology-based approach could be used by DSR practitioners. Finally, we conclude with a call 

for further collaborative efforts to foster knowledge accumulation and evolution in IS design 

science research. 
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2.1.2. Design science research in information systems 

2.1.2.1. Overview of design science research 

Two main genres of research paradigms in the Information Systems discipline have 

been recognised as behavioural science and design science. Behavioural science research aims 

for theoretical development and verification whereas design science research focuses on 

delivering innovative artefacts in the context of extending the body of knowledge (Hevner & 

March, 2003; Hevner et al., 2004). Progressively IS practitioners also have noticed the 

importance of blended features of these two distinct IS research paradigms (Hevner & March, 

2003). 

Design science research originated from the field of engineering (Hevner et al., 2004) 

and was introduced to the IS research community in 1990 (Nunamaker et al., 1990). The 

mechanism involves diagnosing observed practical problems to establish research questions, 

solving the problems, developing artefacts to demonstrate the comprehensive solution, and 

evaluating the presented result. The designed artefacts are merged into the body of knowledge 

to offer additional understandings of the application or relevant area.  

All research is established with underlying assumptions on the philosophical grounding 

around the research validity and the appropriateness of research methodology (Vaishnavi & 

Kuechler, 2005). In order to conduct and evaluate research, it is important to acknowledge the 

existences of these philosophical assumptions, especially those related to reality, knowledge 

and value constructivism. This is also applied to design science research; thus, recent studies 

have attempted to define philosophical grounding for design science in IS research (Myers & 

Venable, 2014; Vaishnavi & Kuechler, 2005).  

In fact, the philosophical assumptions are noted to be implicit and clear most of the 

time for most people including readers and researchers in paradigmatic disciplines. However, 

philosophical grounding must be carefully considered in multi-paradigmatic or pre-

paradigmatic communities such as Information Systems (Vaishnavi & Kuechler, 2005). This 

is possibly due to the recognised differences in philosophical assumptions between natural 

sciences and social sciences. Natural sciences usually focus on observing a “single” reality and 

discovering new knowledge from the observed facts. Whereas social sciences often consider 

the human interpretation of their reality while obtaining new knowledge. In these cases, the 

reality is assumed to be socially constructed, and multiple realities can co-exist at the same 

time. Nevertheless, a number of social studies are conducted based on observed facts, 

quantitative data and assumptions of a single knowable reality (Yin, 2013). The philosophical 
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 grounding is independent from research methodology and discipline. As a result, several 

attempts have been made to classify and distinguish underlying philosophical assumptions 

(Guba & Lincoln, 1994; Orlikowski & Robey, 1991). 

Table II-1 describes philosophical grounding for design science and other research 

perspectives in IS research. Philosophical perspectives mostly differ in basic beliefs including 

ontology, epistemology, and axiology. Ontology is the research branch of metaphysics 

focusing on the nature of being, particularly what is the reality, its fundamental components, 

and derivative. Epistemology refers to the assumptions about the nature of knowledge and how 

knowledge can be obtained. Axiology is the study that explores the nature of values and how 

values align with individuals or groups. Based on assumptions about this metaphysics, research 

has categorised philosophical grounding into different research perspectives. One of the most 

commonly accepted classification has sorted philosophical assumptions into three main groups, 

namely positivist, interpretive and critical. Nevertheless, Vaishnavi & Kuechler (2005) 

described the philosophical grounding for IS research to embrace socio-technological, 

Table II-1: Philosophical grounding for IS research (Vaishnavi & Kuechler, 2005) 

Research Perspective 

Assumptions  Positivist  Interpretivist  Critical  Design Science  

Ontology 

Single reality 

related to 

natural 

phenomena and 

their properties 

and relations.  

Multiple 

socially 

constructed 

realities. 

Historically 

constituted 

social reality.  

Socio-

technological, 

multiple, 

contextually 

situated 

alternative 

realities.  

Epistemology 

Objective 

sensory 

experience 

interpreted 

through reason 

and logic. 

Subjective 

understandings 

through the 

meanings that  

people assign. 

Social critique, 

whereby the 

restrictive and 

alienating 

conditions of 

the status quo 

are brought to 

light. 

Iterative 

circumscription 

offers new 

knowledge, 

constrained to 

innovative and 

developmental 

artefacts. 

Axiology 

Universal facts, 

prediction and 

probability. 

Hermeneutical 

and 

phenomenologi

cal 

understandings.  

Oppositions, 

conflicts and 

contradictions 

in 

contemporary 

society. 

Innovation and 

artefactual 

impacts, 

extension of 

knowledge 

boundaries. 

Common 

Methods 

Observation, 

statistical, and 

quantitative.  

Hermeneutical, 

dialectical, and 

qualitative.  

Action 

research, case 

study.  

Development 

and evaluation 

of artefacts.  
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multiple, contextually situated alternative realities. Recently, Iivari & Kuutti (2017) have 

proposed a research agenda for critical design science research.  There is acknowledged 

diversity in DSR that leads to different DSR genres (Peffers et al., 2018; Rai, 2017). 

2.1.2.2. Design science research genres 

The diversity of DSR has increasingly grown over the past decade. DSR studies are diverse in 

aspects of purpose, methodology, philosophical grounding, and mental models. At present, 

there are five prototype genres identified in IS research: DSR Methodology, IS Design theory, 

Design-oriented IS research, Explanatory design theory, and Action design research (Peffers et 

al., 2018).  

Design Science Research Methodology (DSRM): This genre focuses on the design and 

development of applicable artefacts that could have potential contributions to both theory and 

practice (Hevner et al., 2004; Peffers et al., 2007). The DSRM artefact includes but is not 

limited to systems, applications, frameworks, and methods. DSRM includes processes of 

identifying a practical research problem, creating artefacts to address the problem and then 

evaluating. In addition, the process of design science research also needs to communicate the 

findings to appropriate audiences effectively (Peffers et al., 2007). As the core of DSRM is the 

creation of the artefact, its evaluation emphasizes on whether the artefact works as designed. 

Furthermore, the evaluation of DSRM may examine the artefact in different contexts. Although 

there are a variety of evaluation methods such as experiments, simulations, case studies, field 

studies or analytical studies, it does not require the evaluation of the DSRM artefact to involve 

a formal process (Peffers et al., 2018). 

Action Design Research (ADR): A number of studies have noted the similarity between 

design science research and action research (J. Iivari & Venable, 2009; Järvinen, 2007; Papas, 

O’Keefe, & Seltsikas, 2012). Action research (AR) refers to the reflective process of 

progressive problem solving or a study focusing on solving an immediate practical problem. 

The action research approach involves the collaboration between the researchers and other 

community practitioners to support problem identification and solving. Action research was 

originally classified as a qualitative research method, yet Järvinen (2007) suggests that action 

research seems much closer to the design science approach. Similarly, Papas et al. (2012) notes 

that, apart from the role of the artefacts, there is little to distinguish the two methodologies 

epistemologically. Conversely, J. Iivari & Venable (2009) argue that AR often differs from 

DSR regarding paradigmatic assumptions of ontology, epistemology, methodology, and ethics, 

their research interests, and activities. Nevertheless, many papers that have been written on the 
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 comparison between AR and DSR agree that much similarity exists between the two research 

methods.  

IS design theory: The focus of IS design theory is to communicate design theory 

independently from the applied science (Peffers et al., 2018). The term IS design theory (ISDT) 

is defined by Gregor and Jones (2007) as: “something in an abstract world of man-made things, 

which also includes other abstract ideas such as algorithms and models” (pg. 320). In general, 

ISDT is similar to a behavioural science theory (Peffers et al., 2018). An ISDT consists of eight 

fundamental components: purpose and scope, constructs, principles of form and function, 

artefact mutability, testable propositions, justificatory knowledge, principles of 

implementation,  and expository instantiation (Gregor & Jones, 2007). Alturki, Gable, & 

Bandara (2013) suggested that any DSR should contribute to all these components of IS design 

theory. Developing IS design theories is essential to this genre of DSR while the instantiations 

in the form of IT artefacts are not required. Similar to the evaluation of behavioural science 

theories, the propositions of hypotheses allow for the evaluation of IS theories by applying 

several analytical techniques. 

Explanatory design theory: A design theory can be decomposed into two parts: a design 

practice theory and an explanatory design theory (Baskerville & Pries-Heje, 2010). While a 

design practice theory guides the design process, an explanatory design theory offers a valuable 

explanation about the components of a solution and their usefulness. As a result, explanatory 

design theory (EDT) research focuses on design features and their relationship with the users 

and contexts. Different from DSRM and ADR, EDT considers the implementation of artefacts 

as the means to results rather than things to be valued for themselves. 

Design-oriented IS research: aims to design and develop advanced IS solutions and 

innovative concepts (Österle et al., 2011; Peffers et al., 2018; Winter, 2008). The utility for 

practice is an essential measure for DOIS research (Österle et al., 2011; Peffers et al., 2018). 

There are four key expectations for DOIS research, namely abstraction, originality, 

justification, and benefit (Österle et al., 2011). Abstraction refers to the usability of the artefact, 

i.e., each artefact must be applicable to a class of problems. Similar to any academic research, 

DOIS must demonstrate its originality, i.e., original contributions to the body of knowledge. 

Justification refers to the requirement that each DOIS artefact must be justified 

comprehensively and allow for validation. Finally, each DOIS must benefit relevant 

stakeholder groups, either immediately or in the long-term. DOIS consists of four main steps: 

analysis, design and development, evaluation, and diffusion. 
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2.1.2.3. Contributions of design science research 

Research contributions reflect the values of any research, yet it is difficult for DSR researchers 

to justify their contributions to the field (Gregor & Hevner, 2013; Peffers et al., 2018). Gregor 

and Hevner (2013) propose the DSR knowledge contribution framework for evaluating the 

significance of an IS research following this approach. The framework comprises two main 

dimensions namely solution maturity and application domain maturity. However, the growing 

diversity of DSR has challenged researchers to justify their research contributions and 

originality (Peffers et al., 2018).  

The profiling of background knowledge is essential for researchers to establish valid 

research questions as well as evaluate the research significance. This activity is also suggested 

as an important feature of scholar’s recommender systems (Ghanem et al., 2015). We argue 

that a well-defined DSR methodology that supports the profiling of background knowledge 

would address the current challenges faced by DSR researchers. Such methodology would not 

only aid the evaluation of artefact and theoretical contributions but also lead to system designs 

based on a better theoretical foundation. 

2.1.3. Ontology-based knowledge management for scientific research 

2.1.3.1. Ontologies 

In general terms, ontologies are a formal and explicit representation of knowledge, a model of 

concepts and the relations among them in a specific domain (Guarino, 1998). While the term 

“ontology” has been confined to philosophical studies, it is now becoming increasingly 

widespread in the computer and information science communities. It also plays an important 

role in Artificial Intelligence (AI) and knowledge management research. Ontology has become 

a unique branch of scientific study on the nature of being, existence, the structure of being and 

their relationships (Lim, Liu, & Lee, 2011; Nguyen et al., 2018b; Raad & Cruz, 2015). At 

present, it has been widely adopted in the research community that the formal definition of 

ontology is a shared conceptualization and formal specifications (Studer, Benjamins, & Fensel, 

1998).  

For the development and evaluation of information systems, the utilization of 

appropriate methodology and technology is essential. Several methodologies and technologies 

exist and are widely applied in practice. Nevertheless, the selection of helpful instruments is a 

challenge for information systems development. For addressing this challenge, ontologies have 

been developed to provide a useful theoretical foundation for researchers to investigate a 
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 specific domain (Lim et al., 2011; Osterwalder & Pigneur, 2004). Previous research has also 

suggested ontology-based development methodologies for enterprise systems (Albani & Dietz, 

2011). The ontology-based development methodology allows for the identification of suitable 

system components and reduction of complexity of domain models. 

2.1.3.2. Scientific research based on ontologies 

The implementation of research ontologies with structured information and meta-data would 

help facilitate the research process (Biolchini, Mian, Natali, Conte, & Travassos, 2007; 

Ghanem et al., 2015). Ontologies offer an overview of the research fields and relevant 

technologies (Dietz, 2006; Nguyen et al., 2018b; Zouaq, Joksimovic, & Gašević, 2013). 

Moreover, a scientific research ontology can detect plagiarism (Ghanem et al., 2015) and aid 

literature review of relevant studies in a specific research area (Biolchini et al., 2007; Ghanem 

et al., 2015). For instance, Almeida Biolchini et al. (2007) proposed a scientific research 

ontology to support systematic review in software engineering. The ontology represents a 

template designed to support systematic reviews in Software Engineering.  Furthermore, the 

study introduced the development of ontologies to describe knowledge in the field. 

Broader in scope than Almeida Biolchini et. al. (2007).,’s ontology, Ghanem et al. 

(2015) suggests a general ontology of academic publication to support scientific research. The 

ontology has three levels of distinguished utilities. The first utility level is to support 

researchers by providing direct answers to state-of-the-art in their fields of research. The 

second utility level is automatic plagiarism detection and generation of a review article in a 

specific research area. Lastly, the third utility level is the role of an essential intermediate 

platform between the researcher and the semantic network. 

2.1.4. Ontology-based design science research (ODSR) framework 

We have argued in this paper, so far, that there is a need for accumulation and evolution of 

knowledge in design science research. Moreover, we have argued for the usefulness of 

combining DSR and the research ontology engineering. The previous research has established 

fundamental steps for applying ontology engineering into design science research (Ostrowski 

et al., 2014; Reiterer & Venable, 2016; Reiterer et al., 2015). For instance, Reiterer and Venable 

(2016) describe the “ontology model of DSR aspects of DSR document core ontology 

(DSRDCO)” (pg. 78). The model can be used for supporting search and automatic 

summarization of DSR publications. As a result, we propose a new approach to DSR by 

adopting the idea of scientific research based on the semantic web by Ghanem et al. (2015). By 
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incorporating the existing frameworks for DSR (Hevner et al., 2004) and ontology 

development in IS research (Li et al., 2007; Uschold & King, 1995), we develop an ODSR 

framework for understanding, executing and evaluating research following this approach. 

Figure II-1 shows an ontology-based design science (ODSR) framework for IS research. 

The ODSR framework demonstrates an iterative process of conducting DSR activities 

and ontology engineering. The main activities of DSR in this framework are adopted from 

Hevner et al. (2004) and Nunamaker et al. (1990), including Observation, Construction, and 

Evaluation. Both environment constructs and knowledge base can be represented by 

appropriate ontologies. For instance, there are published studies specifying ontologies of newly 

emerged research contexts such as an enterprise ontology of business process crowdsourcing 

(Thuan, Antunes, Johnstone, & Son, 2015), or an ontology of learning analytics (Nguyen et al., 

2018b). The central four activities of ontology engineering are 1) the identification of scope 

and purpose, 2) ontology development, 3) evaluation, and 4) documentation (Uschold & King, 

1995). The detailed steps of ontology engineering include specification, acquisition, 

formalization, population, evaluation, and maintenance. (Li et al., 2007). Accordingly, ODSR 

shows how ontology engineering activities can be integrated into design science research. The 

scope and granularity of the ontologies are specified according to the identification of the 

observed research problem or opportunity. During the construction and evaluation of the DSR 

artefact, the researchers conduct ontology development to update and refine the existing 

ontologies. The collaborative and integrated ontologies would be continuously maintained by 

the research communities that adopt this ODSR approach for conducting research. Overall, 

 

Figure II-1: Ontology-based design science (ODSR) framework for IS research 
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 DSR and ontology engineering activities are integrated to close the loop between retrieving 

information to conduct research, constructing and evaluating the DSR artefacts, and 

representing and communicating the research findings. 

2.1.5. ODSR Roadmap and guidelines 

Although DSR is now widely used in IS research, lack of a comprehensive and detailed 

roadmap for Design Science Research (DSR) in the Information System (IS) discipline has 

been a significant issue (Alturki et al., 2013; Gazem, Rahman, Saeed, & Iahad, 2018). As we 

have argued for a new approach to DSR in IS, this section provides a detailed roadmap and 

guidelines for conducting and evaluating DSR following our proposed method. The roadmap 

was designed based on the review of existing DSR processes, roadmaps and guidelines (Gazem 

et al., 2018; Hevner et al., 2004; Ostrowski et al., 2014). Figure II-2 demonstrates the ontology-

based design science (ODSR) roadmap. The ODSR roadmap consists of eight key steps and 

four activities connecting the research tasks with the use of ontologies. 

 

Figure II-2: Ontology-based Design Science (ODSR) Roadmap 
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Step 1: The first step is to observe and analyse the problem or opportunity in the 

environment. This step is described as observation activities in Nunamarker et al.’s (199) 

multimethodological design research framework, the identification of business needs, and 

applicable theory and methods in Hevner et al.’s (2004) DSR framework. In this step, the 

researchers assess the existing ontologies of relevant technologies and/or theories for 

identifying the business needs or gaps in the literature (Biolchini et al., 2007). 

Step 2: The second step is to formally define the research scope and objectives.  While 

defining the research scope and objectives for the design project, the ontological scope and 

existing ontologies should be also selected for supporting the research and evaluation process. 

The selected ontologies should include not only those related to the to-be-built artefacts, but 

also the semantic representation of publications in the domain of interest. For instance, the DSR 

researcher can select the ontological representation of design science research publications by 

Reiterer and Venable (2016), or the ontology of scientific research by Ghanem et al. (2015). 

Step 3: The existing ontologies aid the identification of design requirements. The 

requirements may be adopted from previous studies and practices or constructed for a new 

context that has not been reported in the literature. 

Step 4: Design is “a search process to discover an effective solution to a problem” 

(Hevner et al., 2004, p. 88). It is important to recognize and evaluate the existing solutions 

before developing a new one. Recently, IS communities have also called for knowledge 

accumulation and evolution in DSR (Peffers et al., 2018; Sarker et al., 2017). By using research 

ontologies to search for alternative solutions, ODSR limits the risk of plagiarism. 

Step 5: In this step, the artefact is designed to address the identified 

problem/opportunity. As the development of an artefact is a time-consuming process (Nelson 

& Stolterman, 2012; Peffers et al., 2007), the feasibility of the design is evaluated before 

conducting the development. The ontologies of existing technologies and theories are used to 

evaluate the design feasibility. 

Step 6: In this step, the researchers start constructing the artefact based on the proposed 

design. The design requirements, alternative solutions, relevant technologies and theories 

identified from previous steps should be reflected through the development of the new artefact 

(Alturki et al., 2013; Gazem et al., 2018).  

Step 7: Evaluation is essential in DSR to demonstrate both the relevance to the 

environment and research significance to the field. In fact, this step helps to distinguish DSR 

artefacts from practice-based IT applications (Gregor & Hevner, 2013). There are various 

evaluation approaches such as experiments, simulations, case studies or field studies (Hevner 
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 et al., 2004). During the evaluation, the researchers can map the new findings and constructs 

to the existing ontologies to demonstrate original contributions to the field.  

Step 8: Lastly, the researchers need to communicate the findings with the research 

communities. In particular, this step involves writing, publishing, and/or presenting research 

outputs to appropriate academic conferences and journals. Furthermore, the ODSR researchers 

should refine, update and/or create the relevant ontologies, which act as a shared 

conceptualization of the constructs and the relations among them within the research field. 

2.1.6. Application of ODSR 

To illustrate the application of the ontology-based design science research to DSR, we have 

selected an exemplar article for analysis. Our goal is not to demonstrate the detailed process of 

conducting a new study or performing a critical evaluation of the existing research, but rather 

to illuminate how ODSR could be applied by DSR practitioners for knowledge accumulation 

and evolution. Hevner et al. (2004) note that the central questions for DSR are "What utility 

does the new artefact provide?" and "What demonstrates that utility?". The application of 

ODSR seeks to map the new artefact’s utility with the literature and real-world objects, hence 

providing evidence of contribution. 

The selected article is “Development and Validation of a Learning Analytics 

Framework: Two Case Studies Using Support Vector Machines” by Ifenthaler and 

Widanapathirana (2014). The article presents the development and validation of a learning 

analytics framework. Ifenthaler and Widanapathirana evaluate their proposed framework by 

two case studies using Support Vector Machines, a machine learning approach.  

2.1.6.1. Identification of key concepts 

The investigation into relevant ontologies informs researchers about the related elements 

surrounding the observed problem or opportunity. The domain of interest in this study is the 

research area of learning analytics and its conceptual frameworks. The review of relevant 

ontologies leads to the ontology of learning analytics by Nguyen et al. (2018b). This ontology 

of learning analytics has been designed as “a knowledge management tool and an encyclopedic 

reference tool for those who are interested in learning analytics”. The development of this 

ontology also integrated two other ontologies, namely the four-layered integrated learning 

ontology by Chung, Lee, and Kim (2015) and the publication ontology for scientific research 

based on the semantic web by Ghanem et al. (2015). The inspection of the ontology schema 

informs the key concepts related to the study. In this case, the fundamental elements of learning 
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analytics are identified by Nguyen et al. (2018b) as Stakeholders, Objectives, Environments, 

Data, and Instruments. 

2.1.6.2. Information on state of the art in the relevant fields of research 

The relevant ontologies can support researchers by direct answers from the current literature 

and real-life objects in the domain of interest (Ghanem et al., 2015; Reiterer et al., 2015). For 

instance, we can query the learning analytics frameworks to validate the research problem 

observed by Ifenthaler and Widanapathirana (2014), a lack of elaborated and empirically 

validated frameworks for learning analytics in higher education. Furthermore, this research 

also argues that existing learning analytics frameworks do not address the connection between 

learner characteristics, learning behaviour, and curricular requirements.  An example SPARQL 

query can be: 

 SELECT ?ARTICLETITLE  

 WHERE  { 

 ?ARTICLE SR:TITLE ?ARTICLETITLE 

 ?ARTICLE SR:KEYWORLD ?KEYWORD 

 ?ARTICLE SR:TYPE ?OUTPUT_TYPE  

 ?KEYWORD RDF:TYPE SR:LEARNING_ANALYTICS 

 ?OUTPUT_TYPE RDF:TYPE SR: FRAMEWORK 

 } 

The result of the query list all studies that propose learning analytics frameworks. The 

researcher can analyse the problem more deeply by querying all related components included 

in each framework. In this case, the analysis of the query results verifies the problem observed 

by Ifenthaler and Widanapathirana (2014). Furthermore, Ghanem et al. (2015) propose that the 

application of ontologies allows for automatic generation of a literature review in a specific 

domain. 

2.1.6.3. Semantic detection of plagiarism 

It is common for young researchers to expend much effort in a study before discovering that 

the identical research had already been published by other researchers (Ghanem et al., 2015; 

Ostrowski et al., 2014). To address this issue, a semantic web of publications allows for the 

detection of plagiarism. By mapping and comparing the breakdown components of an idea with 
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 those in the existing articles, ODSR helps to avoid potential plagiarism without being aware of 

it. In addition, the above validity of the research problem can also benefit the detection of 

plagiarism. 

Furthermore, careful detection is performed with additional queries for detailed 

information. For instance, Table II-2 demonstrates an example of concept breakdown for the 

case of Ifenthaler and Widanapathirana (2014). Ontological queries to find similar articles with 

identical concepts indicate the existence of similar studies. Although there are different 

learning analytics frameworks found in the existing studies, there is no result for matching a 

learning analytics framework applying case studies using Support Vector Machines for 

evaluation.  

Table II-2: An example of concept breakdown in ODSR 

Class Subclass Instance 

Domain of interest Educational 

Technology 

Learning Analytics 

Output type Artefact Framework 

Evaluation method Case studies Case studies using Support Vector Machines 

Instrument Analytic 

Techniques 

Support Vector Machines; Prediction; 

Regression; Natural language processing 

Stakeholder Student; Tutor; Teacher; Governance; Institution 

Objective Explore different approaches for data analysis for learning 

analytics; determine the validity of learning analytics profiles 

Environment Online learning environment; Social web 

Data Physical data; Structure data; Unstructured data 

2.1.6.4. Establishing contribution to the fields 

Contribution to knowledge has been the foremost criterion for a research publication (Gregor 

& Hevner, 2013). It is often a challenge for researchers to differentiate their studies from 

previous work and demonstrate the original contribution to the field. ODSR allows for an 

explicit illustration of the original contribution by comparing the new components and relations 

in the concept breakdown with the existing ontologies representing knowledge in the research 

fields. In the case of Ifenthaler and Widanapathirana (2014), there is no instance found with the 

relation between the instance “framework” as an “artefact” and “case studies using Support 

Vector Machines” as the “evaluation method” in the learning analytics domain. The non-

existence of the relation supports the claim of the contribution that the study provides an 

“elaborated and empirically validated framework” for learning analytics. 
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2.1.6.5. Communicating research findings 

Previous research has noted that it is important but difficult to structure knowledge 

systematically for DSR artefacts (Ostrowski et al., 2014; Reiterer & Venable, 2016; Reiterer et 

al., 2015). The ontology engineering steps in ODSR can lead to collaborative efforts in formally 

construct the knowledge base for DSR studies and their artefacts. Consistent with our point of 

view, Ostrowski et al. (2014) show that the application of ontology engineering process in 

design science research improves representational information quality of  DSR artefacts. 

Similarly, Reiterer and Venable (2016) demonstrate that the design of a formal DSR ontology 

can represent the essential semantics of the DSR results. Thus, we argue that ODSR supports 

researchers to communicate their research findings by mapping them to the collaboratively 

integrated ontologies that represent the units of knowledge for DSR studies and artefacts. In 

the case of Ifenthaler and Widanapathirana (2014), the original findings can be demonstrated 

to the ODSR community by adding new components to the learning analytics ontology 

designed by Nguyen et al. (2018b). The components are a new instance of the class “article” 

with the relation between the instance “framework” as an “artefact” and “case studies using 

Support Vector Machines” as the “evaluation method”. The amendment of new findings and 

publications to the shared ontologies allows for establishing a common knowledge structure 

for design science research. 

2.1.7. Conclusion 

This paper aimed at introducing a new approach to design science in IS research, a method 

titled ontology-based design science research. Ontology engineering has been used as a 

mechanism for knowledge management for many years. This paper has revised the issues faced 

by DSR researchers and the current call for action within the DSR community. While DSR has 

already gained significant interest in IS research, it so far has remained a challenge to evaluate 

design studies and review background knowledge. We argue that the processes and values of 

DSR and ontology engineering could be integrated to consolidate each other. 

This paper argues that integrating DSR with research ontology engineering could be a 

significant step forward the collaborative innovation and knowledge accumulation in IS 

research. Hence, we have proposed a framework for understanding and applying the ontology-

based design science approach in IS research. The implementation of this method can reveal 

missing parts of the existing body of knowledge, and leverage contributions into the design 

science research paradigm in information systems.  
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 However, one may argue that ODSR may require much investment in time and efforts 

as it involves both activities of design science and ontology engineering. As mentioned, the use 

of ontologies can provide considerable help throughout the process of analysis, design, 

development, and evaluation in DSR. This provision of ODSR can not only improve the 

research quality but also save time and effort for DSR. Furthermore, communicating research 

outputs for collaborative innovation has also been a time-consuming process (Baldwin & 

Hippel, 2011; Kvan, 2000) and ODSR can foster faster communication of ideas and concepts 

among researchers. 

 

(This is the end of Article I) 
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Chapter III: LITERATURE REVIEW 

This chapter reviews the current literature related to the research domain of interest. The 

purpose of this literature review is to investigate the concepts, applications, and frameworks of 

data analytics in higher education. The adoption of cumulative knowledge from literature 

review has long been emphasised as a basis for knowledge creation. This Chapter includes 

Article I which provides an overview of data analytics in higher education.  
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3.1. Data Analytics in Higher Education: An 

Integrated View (Article II) 

Data analytics in higher education provide unique opportunities to examine, understand, and 

model pedagogical processes. Consequently, the methodologies and processes underpinning 

data analytics in higher education have led to distinguishing highly correlative terms such as: 

Learning Analytics (LA), Academic Analytics (AA) and Educational Data Mining (EDM) where 

the outcome of one may become the input of another. The purpose of this paper is to offer IS 

educators and researchers an overview of the current status of the research and theoretical 

perspectives on educational data analytics. The paper proposes a set of unified definitions and 

an integrated framework for data analytics in higher education. By considering the framework, 

researchers may discover new contexts as well as areas of inquiry. As a Gestalt-like exercise, 

the framework (whole) and the articulation of data analytics (parts) may be useful for 

educational stakeholders in decision-making at the level of individual students, classes of 

students, the curriculum, schools and educational systems.  

3.1.1. Introduction 

Information Systems (IS) education is under increasing pressure to address growing social 

demands and global changes. For instance, IS education must be adapted to embrace workplace 

graduate attributes such as IT-related skills and innovation abilities. Students’ concerns about 

job availability impact on their intentions to choose Information Systems as a major (W. Zhang, 

2007). It is challenging for IS educators and researchers to respond effectively and in time to 

social demands and global changes (Daniel, 2015; Lasi et al., 2014). Fortunately, the 

advancement of data analytics has brought unique opportunities for dealing with these rapid 

changes (Daniel, 2015; Nguyen et al., 2017). For instance, data analytics address the challenges 

associated with finding helpful information at the right time to support institutional decision-

making (Nistor & Hernández-Garcíac, 2018). Furthermore, data analytics has offered valuable 

insights into what is happening in a specific course and how to address performance issues 

(Daniel, 2015; Nistor & Hernández-Garcíac, 2018). 

In this Information Age, the relentless progress of information and communication 

processes has become the driving force of social evolution, including educational 

transformation. Educational systems, including learning management systems and course 

authoring systems, generate enormous datasets during daily operation. Massive data generated 
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 by educational systems are becoming available for collecting and mining. This immense 

amount of data has heightened the need for well-established data management and analytics in 

the learning and teaching environment (Greller & Drachsler, 2012; Nguyen et al., 2017; 

Siemens & Long, 2011). Educational datasets, in particular, contribute to the evolution of 

learning theories, learning support, learning design, learner feedback, and the development of 

future learning support systems. 

Over the past decade, rapid developments in the field of big data and analytics have led 

to an increased interest in educational data analytics (Baker & Inventado, 2014; Nguyen et al., 

2018b). Several researchers have reviewed and analyzed the features and applicability of big 

data and analytics in education (Arnold & Pistilli, 2012; Chaurasia et al., 2018; Dahlstrom et 

al., 2014). For example, Pistilli et al. (2012) show the use of data analytics for improving 

student success by producing real-time feedback to students. New disciplines called learning 

analytics, academic analytics, and educational data mining have emerged from the attempts to 

apply data analytics in education. While all of these concepts are related to the use of data 

analytics in education, they are not completely overlapping. Learning analytics focuses on the 

application of data analytic techniques and tools for purposes of understanding and enhancing 

learning and teaching whereas academic learning aims for the purposes of supporting 

institutional operations and decision making. Besides, educational data mining focuses on the 

development and evaluation of data analytics methods for exploring educational data. A variety 

of terms have been raised and adopted to described similar concepts and processes (Nguyen et 

al., 2018b). However, the clarification and consensus of these terms are not yet understood 

fully (Barneveld, Arnold, & Campbell, 2012; Nguyen et al., 2017, 2018b). 

In an effort to continue discussions to establish a common view of analytics in higher 

education, this paper proposed a comprehensive framework for data analytics in higher 

education that includes units of knowledge for learning analytics, academic analytics, and 

educational data mining. Although prior studies have attempted to establish an initial linkage 

between learning analytics and academic analytics (Barneveld et al., 2012; Cooper, 2012), 

learning analytics and educational data mining (Baker & Inventado, 2014; Sin & Muthu, 2015; 

Zouaq et al., 2013), a search of the literature failed to reveal any study that provided an 

integrated view of all these subfields collectively. As a result, the proposed framework is 

intended to integrate existing research areas on data analytics in higher education and to provide 

educators and practitioners with an overview of objects and their relationship in an analytics-

based educational context. 
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The next section will discuss the three main research streams of data analytics in higher 

education, namely Learning Analytics (LA), Academic Analytics (AA), and Educational Data 

Mining (EDM), and then provide an account of these research streams before offering an 

integrated view of them. This paper proposes a set of unified definitions for data analytics in 

higher education and describes an integrated framework that may help stakeholders to better 

understand these types of educational technologies. The paper concludes by discussing future 

research directions and the implications of this work. 

3.1.2. Data analytics in higher education 

3.1.2.1. Learning Analytics (LA) 

As an emerging research discipline, Learning Analytics (LA) has been referred to with various 

terms and definitions in both general use and research. In a broad sense, LA can be interpreted 

as applications of data analytics in learning and teaching. In contrast to academic analytics and 

educational data mining, LA focus on the learners and their learning processes. Learning 

analytics collect, integrate and analyze static and dynamic data about learner profiles, learning 

materials, and learning context. Then they can offer descriptive modeling and prediction of 

learning elements in a scheduled or real-time basis. At the 1st International Conference on 

Learning Analytics in 2011, The Society for Learning Analytics Research (SoLAR)2  defined 

LA as “the measurement, collection, analysis, and reporting of data about learners and their 

contexts, for purposes of understanding and optimizing learning and the environments in which 

it occurs.” Recently, this definition has been widely adopted in the research community 

(Nguyen, Gardner, & Sheridan, 2018a; Siemens, 2013). However, this paper argues that this 

definition does not inclusively reflect all the applications of LA such as adaptive learning 

systems. Rather than reporting data to inform actionable insights, adaptive learning systems 

perform actions to adjust the learning environment and materials to enhance learning (Kerr, 

2016). Our proposed definition of LA is “the application of data analytic techniques and tools 

for the purposes of understanding and enhancing learning and teaching”. 

a) Different types of learning analytics 

Content Analysis is a subset of learning analytics used for contextualized interpretations of 

textual documents (Clow, 2013). Content analysis can be either manual or computer-assisted 

techniques that analyse texts to reveal underlying meanings. Although there are a variety of 

 

2
 The Society for Learning Analytics Research: https://solaresearch.org/  

https://solaresearch.org/
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 textual sources available in the educational context, the texts are categorised into five main 

groups, namely written text, oral text, iconic text, audio-visual text and hypertexts (Denzin & 

Lincoln, 2008). Recent developments in web analytics techniques such as web crawling and 

machine learning algorithms have led to a renewed interest in analysing hypertexts found on 

websites (Kitto et al., 2016; Nistor & Hernández-Garcíac, 2018). 

Discourse Analytics tracks user interactions to explore meaningful information about 

the properties of the language used from the learning discourse. While Content Analysis is for 

revealing meaningful information from textual sources, Discourse Analytics focuses on 

examining the language used by learners. Discourse analytics listens to learners through 

channels where they are already interacting such as online learning communities. The 

interactivity plays an essential role in the process of knowledge construction (Howell, Roberts, 

& Mancini, 2018; Kent, Laslo, & Rafaeli, 2016). Learning can be viewed as the socio-

constructivist process involved with the network of interactions among the learners and content 

items (Hickey, 1997). The advance of text mining and log tracking has enabled the analytics 

of discourse data and metadata. By the same token, social learning analytics has emerged and 

gained interest within the field of learning and teaching. Whereas discourse analytics pays 

attention to the content and language used in learning discourse, social learning analytics tend 

to be concerned more with the collaboration among learners.  

Social Learning Analytics is a distinctive subset of learning analytics that focuses on 

interaction and collaboration among students in learning (Hernández-García, González-

González, Jiménez-Zarco, & Chaparro-Peláez, 2015; Jan & Vlachopoulos, 2018). While 

Discourse Analytics investigates the language used by learners, Social Learning Analytics 

examines the learning process from the social perspective and suggests that gaining new 

knowledge and skills is not the sole role of an individual’s achievements in education. This can 

be illustrated by previous studies on how social networks impact learning performance 

(Veletsianos, Collier, & Schneider, 2015; Vrieling, Beemt, & Laat, 2018). For instance, 

Hernández-García et al. (2015) conducted social network analysis (SNA) to study the relations 

between social network interactions and academic performance. The findings of this research 

indicate a need for further study on whether there are circumstances under which social network 

parameters are reliable predictors of student performance. However, the study advises against 

relying solely on social network factors for prediction. Furthermore, this study suggests that a 

data visualisation is a useful tool for social learning analytics. 

Disposition Analytics explore educational data on students’ background and learning 

engagement to discover their dispositions and their underlying relationships to the learning 
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process (Bharara, Sabitha, & Bansal, 2018; Peña-Ayala, 2014). In other words, this learning 

analytics method examines the factors that the student brought to the learning context to 

identify their learning styles and predict the preferred learning behaviours to improve learning 

and teaching.  This can be seen in the case of Bharara, Sabitha, and Bansal (2018) which use 

disposition analytics to analyse the effects of different factors on student’s performance. By 

interpreting this information, the instructor can make better decisions when selecting 

alternative and optimal teaching tactics and strategies.  

b) Learning Analytic Applications 

Prior studies have identified several applications of learning analytics to support learning and 

teaching in higher education (Nguyen et al., 2017; J. Zhang, Zhang, Jiang, Ordóñez de Pablos, 

& Sun, 2018). For instance, learning analytics applications provide up-to-date data about the 

learning activities, student engagement, student profile, and relevant historical data from 

previous semesters to model the learning process. Furthermore, by using learning analytics, 

educators and researchers have been able to forecast students’ future performance and predict 

students’ behaviours (Asif, Merceron, Ali, & Haider, 2017; Dietz-Uhler & Hurn, 2013; 

Gašević, Dawson, Rogers, & Gašević, 2016). Based on the predicted information, the instructor 

can make necessary interventions and focus more attention on at-risk students. For instance, 

Siemens and Long (2011) suggest that a model of successful student behaviours can support 

the faculty to encourage students to be more involved in regulating their learning behaviours 

for greater academic success. In particular, the model includes the frequency of accessing and 

using learning applications such as LMS tools and discussion boards as potential success 

factors. The model of successful student behaviours highlights learning activities that directly 

influence final grades. Thus instructors may be confident of learning the goals while revising 

learning activities.  

Likewise, Arnold and Pistilli (2012) proposed an early intervention solution for 

academic faculty called “Course Signals”. Their system uses educational data to predict student 

performance and reports the outcomes to the students via a personalised email. The collected 

data include not only grades but also past academic history, students’ demographics, and 

learning engagement measures. The reported information contains a stoplight or traffic signal 

which is used to show how each student is performing. The students’ emails make them aware 

of their current learning performance and in the case of at-risk students would detail needed 

changes to improve their probability of success. Thus, the utilisation of the Course Signals 

system is also an example of using learning analytics at the student level. 
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 Greller and Drachsler (2012) propose a solution whereby learning analytics can inform 

teachers about the gaps in knowledge exhibited by the students. Their goal is to provide 

academic stakeholders, including students and teachers, with information to better understand 

learning needs and performance. In this instance, given ‘gap’ analysis, they can provide 

students with additional resources to broaden and remediate their understanding of the essential 

learning content.   

Learning analytics reports can be practically supported by visualisations to deliver more 

meaningful information to the users (Duval, 2011; Leony, Pardo, de la Fuente Valentín, de 

Castro, & Kloos, 2012; Nguyen et al., 2017). The advantage of visualisations is to graphically 

communicate clearly and effectively large amounts of complex data to identifying trends, 

patterns, correlations, and urgent issues. Visualisations can be applied in education to display 

analyzed data captured from both students and teachers. However, in using learning analytics 

visualisation tools, one needs to consider data security, multi-user support, and accessibility. 

Several researchers have attempted to design visualisation tools for learning analytics. For 

instance, Leony et al. (2012) propose a web-based visualisation platform called GLASS 

(Gradient's Learning Analytics System). The visualisation procedures, within GLASS, were 

developed based on a bottom-up methodology with a needs-must focus on the end-user. The 

tool was designed specifically to simplify the implementation of new visualisations; and to 

display information related to students, instructors, and the learning process. Hence, GLASS 

can offer the creation of visualisations regarding learners’ events and activities in a given 

context. 

Finally learning analytics has enabled learning personalization and adaptive learning 

systems in higher education (Greller & Drachsler, 2012; Kerr, 2016). Adaptive learning 

systems, also known as personalised or individualized learning applications, refer to those 

functions that can adapt to student interactions with the system based on a relatively 

insignificant amount of data generated by the students (Kerr, 2016). The learning analytics 

engine is the central component of an adaptive learning system as it collects and analyses data 

on a real-time basis. For example, Hsieh, Wang, Su, and Lee (2012) propose a fuzzy logic-

based, personalised learning system for enhancing adaptive English language learning. The 

system can recommend articles that are appropriate for a learner's level of English ability and 

their needs to review their vocabulary. The results of their case study confirmed that the 

proposed personalised learning system improved learning as well as sustained the students’ 

learning interest (Hsieh et al., 2012). Learning personalization and adaptive learning systems 

also allow for creating an inclusive learning environment (Clow, 2013; Nguyen et al., 2018a).    
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The current research reviewed in this paper has identified important applications for 

learning analytics in the context of learning and teaching. An important policy priority should 

be, therefore, to work to formalise the potential of learning analytics research in the field of in 

higher education. (Nguyen et al., 2018b).  

3.1.2.2. Academic Analytics (AA) 

The term Academic Analytics (AA) was coined by Goldstein and Katz (2005) to describe the 

intersection of technology, information, organisational culture and the application of data 

analytics to manage an institution. The term Academic Analytics, in brief, refers to Business 

Intelligence in education and, more specifically, as the process to discover insightful patterns 

in educational data to indicate academic issues such as dropout rate and to support strategic 

decision making (Chaurasia et al., 2018; Pistilli et al., 2012). The process mainly focuses on 

supporting institutional administrators and educational policymakers. Whereas students expect 

the use of data analytics to predict and support their learning performance, institutional 

administrators consider applying academic analytics to monitor and improve educational Key 

Performance Indicators (KPIs) such as student retention. Barneveld et al. (2012) define 

academic analytics as “A process for providing higher education institutions with the data 

necessary to support operational and financial decision making” (p.8). In contrast with 

learning analytics, we adapt this description and define academic analytics in a broader sense 

as “the application of data analytic techniques and tools for purposes of supporting 

institutional operations and decision making”. 

There is a wide range of educational stakeholders considered as beneficiaries of the 

applications of academic analytics. In particular, potential groups and individuals who benefit 

from academic analytics include the faculty, students, and executive officers. At each level, the 

applications of academic analytics offer valuable benefits yet raise potential concerns 

(Campbell & Oblinger, 2007). 

Academic analytics can support faculty by revealing key factors for student success, 

providing insights into effective practices, and improving the scholarship of teaching and 

learning. Student success has been one of the central key performance indicators (KPIs) in 

higher education thus most faculties are interested in monitoring and predicting student 

success. Furthermore, AA can extract meaningful knowledge from educational data to 

determine the most effective techniques and enable the faculty’s pedagogical adjustments to 

satisfy the student needs.  
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 The executive officers may get useful information from academic analytics to support 

their decision making. Academic analytics offers unique sets of KPIs that are not available in 

traditional educational systems. For example, the vice-chancellor may be informed of the 

percentage of at-risk students and, as a result, request a review of the institution’s learning and 

teaching strategy. The executive officers may also use academic analytics to optimise the use 

of resources. It is believed that academic analytics can improve the institution’s accountability 

and enhance its reputation (Campbell & Oblinger, 2007; Wong, 2016). Despite the above 

benefits, the executive officers often question the costs associated with an academic analytics 

project (Chaurasia et al., 2018; Daniel, 2015). In addition, they are likely to be concerned about 

privacy and security issues when the system is up and running (Pardo & Siemens, 2014; Slade 

& Prinsloo, 2013). 

3.1.2.3. Educational Data Mining (EDM) 

The International Educational Data Mining Society (IEDMS)3 defined the term Educational 

Data Mining (EDM) as “an emerging discipline, concerned with developing methods for 

exploring the unique and increasingly large-scale data that come from educational settings and 

using those methods to better understand students, and the settings which they learn in”. Data 

mining, also called Knowledge Discovery in Databases (KDD), refers to a subfield of computer 

science related to extracting useful information and knowledge from the raw data sources 

(Chakrabarti et al., 2006). Correspondingly, previous research defined educational data mining 

as a practice of developing data mining methods for studying complex educational datasets and 

using those methods to get insights of students and educational systems (Siemens & Baker, 

2012). The EDM process applies computational approaches to convert raw data from 

educational systems into useful information that can address educational questions.  

a) Types of educational data mining 

There are several types of educational data mining. Baker (2010) suggested that all educational 

data mining methods could be categorised into five general groups namely prediction, 

clustering, relationship mining, discovery with models, and distillation of data for human 

judgment. The research community has commonly recognized the first three categories 

whereas the last two have only reached specific prominence within the field of educational data 

mining (EDM) (Peña-Ayala, 2014). 

 

3
 The International Educational Data Mining Society. http://educationaldatamining.org/about/  

http://educationaldatamining.org/about/
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In educational data mining, prediction, as the term implies, aims to model an 

educational outcome derived from other data factors. The forecast factor is called a predicted 

variable while input factors are labeled as the predictor variables. An example of prediction 

EDM could be the participation-based prediction model using interpretable Genetic 

Programming by Xing, Guo, Petakovic, and Goggins (2015). The model predicts students’ final 

performance by using six constructed variables for students’ online participation in CSCL 

(Computer-supported Collaborative Learning), namely Subjects, Rules, Tools, Division of 

Labour, Community, and Object. Another example is Xing et al. (2015)’s prediction model 

that uses interaction data as predictor variables. The accuracy of this model was validated by 

generalising with additional students in a range of different contexts. 

The second type of educational data mining is clustering which focuses on grouping 

raw data into a set of clusters and finding the borderlines between these groups. Clustering can 

be based on several possible grain-sizes such as clustering students to categorise them into 

groups and clustering student activities to produce patterns of behaviour (Asif et al., 2017). 

This group of educational data mining methods can involve predefined hypotheses or no 

preceding hypotheses (Baker, 2010). 

The third type of educational data mining is relationship mining which seeks to 

determine possible relationships among a dataset with several variables. While clustering is the 

task of grouping a set of objects, relationship mining aims to discover interesting relations 

between variables in the data. Relationship mining is classified into four sub-categories namely 

association rule mining, causal data mining, correlation mining, and sequential pattern mining 

(Baker, 2010; Peña-Ayala, 2014). Association rule mining aims to discover if-then rules 

between the variables. In particular, these data mining methods find those relationships that if 

any set of variables are defined, another variable is likely to have a specific value. For example, 

García, Romero, Ventura, and De Castro (2011) use their proposed collaborative association 

rule mining to discover the following rules: If the number of messages read in the forum is 

high, then the score of the assignment tends to be high. Causal data mining methods are used 

to find “casual relationships” that involve an event being the cause of another. The causal 

relationship can be both unidirectional and bidirectional. Correlation mining aims to determine 

any positive or negative linear correlations between variables whereas sequential pattern 

mining focuses on temporal associations. For example, Mudrick, Azevedo, and Taub (2018) 

use sequential pattern mining to understand processes underlying multimedia learning by 

integrating metacognitive judgments and eye movements. 
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 The fourth type of educational data mining is discovery with models in which a model 

of a phenomenon is constructed through other EDM methods or knowledge engineering and 

being used as an element for another investigation. Baker (2010) suggests that discovery with 

models often implements the verified generalization of a prediction model across different 

contexts. The central application of this EDM type is discovering relationships between student 

behaviours and contextual factors in the learning environment (Baker & Inventado, 2014). 

The last research area within educational data mining is distillation of data for human 

judgment. Human beings’ activities can influence datasets, and the process can surpass the 

scope of automated data mining approaches. As a result, this area of interest focuses on using 

visualisations to distill data for human judgment (Baker, 2010). Unlike usual information 

visualisation systems, data visualisations for education mining are usually constructed around 

a particular structure of educational data and used to deliver meaning around that structure 

(Leony et al., 2012). Furthermore, a distillation of data for human judgment can be applied to 

support the development of a prediction model by labeling the datasets.  

b) Educational data mining applications 

There is a wide variety of educational data mining applications which can be categorised into 

four general groups. Those are related to improving student models, discovering or improving 

models of knowledge management, examining the learning application’s pedagogical support, 

and scientific discovery about learners and the learning process.  

In improving student models, EDM applications collect the raw data about each learner 

and model them to provide meaningful information about that leaner’s characteristics, learning 

status and the differences among the learners. The generated information includes but is not 

limited to student behaviour, performance, learning motivation and attitudes. For example, Tair 

and El-Halees (2012) implemented EDM to improve graduate students’ performance by 

extracting useful knowledge from educational data. Several EDM methods are used in this 

case, and these include clustering, association rules mining, classification and outlier detection.  

In discovering or improving models of the knowledge structure of the domain, the 

studies seek to establish methods that can be used for rapidly identifying appropriate domain 

models directly from data. These applications often integrate psychometric models with 

advanced space-searching algorithms and prediction problems in the process of discovering 

new models (Barahate, 2012). 

In examining the learning tool’s pedagogical support, each form of educational help for 

a student is mapped to the academic success with particular weights. State-of-the-art learning 
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systems have offered a variety of learning support to the students thus quantifying the available 

support has become an essential task in education (Peña-Ayala, 2014; Sin & Muthu, 2015). 

EDM has been applied to evaluate the pedagogical support of a specific learning tool and 

recommend potential improvements. 

The last group of EDM applications focuses on scientific discovery about learners and 

the learning process. The implementation of educational data mining methods in addressing 

problems in the other EDM applications discussed above can enhance the scientific 

significance (Baker, 2010). The central type of educational data mining in the applications for 

scientific discovery is a discovery with models.  

3.1.2.4. Research Ontology for Educational Data Analytics 

Previous research has attempted to illustrate the communities and draw a distinction between 

LA, AA and EDM (Chatti et al., 2014; Dahlstrom et al., 2014; Siemens, 2012, 2013; Siemens 

& Long, 2011).  Referring to the level or object of analytics and the beneficial stakeholders, 

Siemens & Long (2011) present the differences between LA and AA (see Table III-1). 

Table III-1: Learning and Academic Analytics (Siemens & Long, 2011) 

Type of analytics Level or Object of analysis Who benefits 

Learning 

analytics 

Course-level: social networks, 

conceptual development, discourse 

analysis, intelligent curriculum 

Learners, faculty 

Departmental: predictive modelling, 

patterns of success/failure 

Learners, faculty 

Academic 

analytics 

Institutional: learner profiles, 

performances of academics, 

knowledge flow 

Administrators, funders, 

marketing 

Regional (state/provincial): 

comparisons between systems  

Funders, administrators 

National and international National governments, 

education authorities 

LA targets on the micro (Learner) and meso (Faculty) levels of educational stakeholders 

whereas AA benefits the stakeholders placed higher in the hierarchy, namely, macro 

(Institution) and mega (Governance) levels (Ifenthaler, 2015; Siemens & Long, 2011). As data 

analytics need to serve different purposes regarding the level or object of analysis, LA and AA 

gather distinctive datasets and apply diverse analysis methods to deliver appropriate outcomes. 

Zouaq, Joksimovic, and Gasevic (2013) conducted an ontological analysis to examine 

research trends in Learning Analytics (LA) and Educational Data Mining (EDM). The study 

investigated research publications of two well-known communities of educational data 

analytics, namely Learning Analytics & Knowledge (LAK) and Educational Data Mining 
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 (EDM). The top-ranked concepts demonstrate the similarities and distinctions between LA and 

EDM. In particular, these two branches share mutual interests in a number of concepts such as 

students, data, and model. However, there are some significant differences between the 

research streams. The distinct concepts for LA are aligned with teacher, knowledge, 

social_factor, social_learn, effective_learn, learn and informal_learn. Whereas, top-ranked 

concepts for EDM focuses on skill, method, tool, system, feature, item, and parameter. This 

illustrates that LA focuses more attention on the learning process and interactions within the 

learning environment, whereas EDM focuses on methods and approaches for the data pipeline 

(Dahlstrom et al., 2014; Siemens, 2013; Zouaq et al., 2013).  

It can be said that Learning Analytics (LA), Academic Analytics (AA) and Educational 

Data Mining (EDM) focus on different parts of the whole picture of educational data analytics, 

yet they are intimately related. The progress of any research stream would result in dynamic 

impacts on the other streams. For instance, from the evolution in EDM, it is likely to emerge 

robust analytic methods and tools that would change the landscape of LA and AA research. In 

particular, the emergent methods and tools can be implemented to provide new understanding 

of the learning and teaching process and the surrounding environment. Thus, it is necessary to 

have an integrated view of educational data analytics for better decision making as well as the 

implementation of these technologies. 

3.1.2.5. Educational Data Analytics Frameworks 

The growth of educational data analytics has encouraged the emergence of research that 

focuses on providing frameworks and guidelines to assist as guidance for research and 

application.  This has been seen in the case of the Learning Analytics Reference Model 

designed by Chatti et al. (2014). The model demonstrates the connections between learning 

analytics and related fields in Technology Enhanced Learning (TEL) such as recommender 

systems and personalised adaptive learning. The reference model is based on four central 

dimensions which are data and environments (what?), stakeholders (who?), objectives (why?), 

and methods (how?). The model establishes fundamental concepts of learning analytics and 

further identifies potential research directions in the emergent field of learning analytics. In 

particular, researchers could investigate educational data or learning context and aim 

specifically at the topics of context modeling and learning analytics in various educational 

environments.  

Human factors need to be considered in correspondence to the LA process and LA 

stakeholders (Nguyen, Sheridan, & Gardner, 2016). The Learning Analytics Reference Model 
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demonstrates the crucial components of educational data analytics (Chatti, Dyckhoff, 

Schroeder, & Thüs, 2012), yet the model does not address the relationship between educational 

data analytics and different stakeholder levels of the educational ecosystem. 

Greller and Drachsler (2012) propose a hierarchical model to describe educational 

information between the key stakeholders in the educational system. The primary level 

represents students, the central focus of higher education. Most educational data for analytics 

are obtained from the students’ interactions and characteristics. The intermediate layer is the 

teachers who play a focal role between the institution and the students. The teachers can receive 

benefits from the students’ data analysis as they can apply performance and engagement 

information to adjust their pedagogical strategies. In the top-most layer, the institution can use 

both students’ and teachers’ information to plan and create institutional policies. The top of the 

pyramid is the governance layer in which educational policies are established from the analysis 

of cross-institutional data. 

Romero and Ventura (2013) illustrate educational knowledge discovery and the data 

mining process as shown in Figure III-1. Raw data are collected from the educational 

environment according to hypothesis formation. The data are processed and fed into data 

mining instruments to produce models or patterns for interpretation and evaluation by the users. 

Finally, the results are used to refine the educational environment as well as hypothesis 

formation. To some extent, the process of hypothesis formation, testing and refinement can 

also be applied to learning analytics. Accordingly, learning analytics also begins with the 

collection of raw data, and then goes through data processing and reporting. 

Figure III-1: Educational knowledge discovery and data mining process  

(Romero & Ventura, 2013)  
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Ifenthaler (2015) proposes a general learning analytics framework that focuses on the 

learner and learning process. The integrated LA framework illustrates the workflow of learning 

analytics through the process of collecting, analysing data, and reporting information to users 

in an educational context. In addition, Ifenthaler (2015) describes another model of learning 

analytics associated with different stakeholder levels (see Figure III-2). The model illustrates 

data flow between educational stakeholders and the position of LA in the learning context. The 

learning activities happen at the micro level in which learners interact with the learning 

environment. The curriculum and learning design are supported by analytics at the meso level. 

At this level, educational data analytics provides teachers and learning designers with insightful 

information about learning processes and outcomes to support design decision making. The 

macro level allows for institution-wide analytics which offers better understanding of learner 

cohorts, as well as the effectiveness and efficiency of operational processes and resources 

allocation. The highest level of the LA framework is referred to as the mega-level which 

incorporates data from all lower levels. At the mega level, cross-institutional analytics, support 

relevant governance with valuable insights through the identification and validation of patterns 

within and across institutions. Furthermore, predictive analytics and simulation assist in 

educational policymaking. Ifenthaler‘s frameworks were designed to illustrate learning 

analytics, yet they step beyond the scope of learning analytics and demonstrate elements of 

academic analytics (2015). The macro and mega level of the LA framework can also fit 

Figure III-2: Learning analytics associated with stakeholder levels (Ifenthaler, 2015) 
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different purposes other than optimising learning and the learning environment, thus they 

match with the definition of learning analytics. For instance, academics analytics would be 

applied at the institutional (macro) level to optimise resource allocation. As a result, this 

hierarchy of stakeholder levels can also be used for representing the position of educational 

data analytics in general (Barneveld et al., 2012). 

3.1.3. An integrated view of data analytics in higher education 

The learning and teaching domain is complex, dynamic and multifaceted (Ifenthaler & 

Widanapathirana, 2014). The components of the educational ecosystem are multidimensional 

and unstable. For example, each stakeholder may have a number of contemporary interests and 

proclivities. Moreover, instruments such as data mining and machine learning methods are 

changing over time. As a result, adjustments within the educational ecosystem must be 

considered regarding the impacts on each of its vital components and their interoperation. 

Researchers and practitioners must be cognisant that intervention at one level of analytics in 

education may affect the other levels. For example, implementation of learning analytics for 

learner’s self-reflection at the course-level would modify the characteristics and settings of 

those educational data mining projects at the institutional level that collects and processes 

learning data. In this case, educational data mining at the higher level offers an evaluation of 

the LA implementation at scale. As a result, we proposed unified definitions (see Table III-2) 

and an integrated framework for data analytics in higher education (DAHE) (see Figure III-3) 

in an effort to provide an overview of the field of analytics in higher education. The framework 

was designed based on the review of research ontologies for educational data analytics and 

existing frameworks. 

The DAHE framework outlines critical components of education data analytics and the 

relationships between them at each level of the education system (dotted-lines). The 

framework, which included learning analytics, academic analytics, and educational data 

mining, demonstrated how each data analytics field interact with educational elements and each 

other. It offers an overview of the emerged fields in the higher education environment. 

As proposed by Barneveld, Arnold, and Campbell (2012), academic analytics focus on 

the institutional and faculty-level management in which educational data is essential to support 

operational and financial decision-making. Furthermore, Siemens and Long (2011) suggests 

that academic analytics can address comparisons between systems to benefit educational 

funders, administrators, authorities, and governments. In other words, academics analytics 

reflects the role of data analytics at institutional, regional, national and international levels. It 



 

 
P a g e | 51 Literature Review 

 

Learning Analytics Information Systems for Higher Education 

 

 might also be observed that academic analytics is more aligned with traditional business 

intelligence in higher education. IS education researchers should investigate academic analytics 

for studies focusing on a broad educational context with multiple institutional or social factors. 

Table III-2: Proposed definitions for data analytics in higher education 

Term Proposed Definition 

Focal objects 

of interest 

Level of 

Education 

System 

Learning 

Analytics 

The application of data analytic techniques 

and tools for purposes of understanding and 

enhancing learning and teaching. 

Learner 

Learning 

settings 

Course level 

Departmental 

level Education

al Data 

Mining 

The development and evaluation of data 

analytics methods for exploring educational 

data and using those methods to better 

understand learners, and the learning 

environment (adapted from IEDMS). 

Methods and 

Techniques 

Faculty Level 

Institutional 

Level 

Academic 

Analytics 

The application of data analytic techniques 

and tools for purposes of supporting 

institutional operations and decision making. 

Institutional 

operation and 

decision 

making 

Regional 

National 

International 

Figure III-3: An integrated framework for data analytics in higher education (DAHE) 
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Educational data mining focuses on the development and evaluation of techniques, 

tools, and methods designed for automatically extracting and analysing meaning from large 

repositories of educational data (Siemens & Baker, 2012). The field seeks to develop and 

improve methods and techniques for exploring the large-scale data that come from educational 

settings (Tair & El-Halees, 2012). Educational data mining offers unique and essential values 

to educational management and decision making. The field has strong origins in learner 

behaviour modelling, and predicting course outcomes (Siemens & Baker, 2012). Educational 

data mining benefits stakeholders at different levels of the education system but most likely 

from the institutional to the departmental level.  

Learning analytics focuses on the learners, their learning behaviour and the learning 

environment (Siemens, 2013). In contrast to academic analytics, learning analytics involves 

more specific analysis for the purposes of “understanding and optimising learning and the 

environments in which it occurs” (p. 2) (Siemens, 2011). Learning analytics research 

investigates the data omitted by the interactions of learners and teachers with the learning 

environment. The learning environment can be either physical such as a classroom or digital 

such as a learning management system. Learning analytics mostly explores educational data at 

the course-level and departmental level. For example, learning analytics studies investigate 

social networks, intelligent curriculum, and discourse analysis at the course-level (De Liddo, 

Shum, Quinto, Bachler, & Cannavacciuolo, 2011; Ifenthaler & Widanapathirana, 2014). At the 

departmental level, learning analytics seeks to provide predictive modelling, and patterns of 

success or failure (Dietz-Uhler & Hurn, 2013). 

In contrast to educational data mining, learning analytics considers leveraging human 

judgment as for the centre of discovery whereas automated discovery is a tool to accomplish it 

(Siemens & Baker, 2012). In order to address the complexity in learning and teaching, learning 

analytics emphasises on understanding systems as a whole. IS educators and researchers can 

apply learning analytics to enhance their teaching and engage student learning.   

Complementing previous frameworks, the model also considers other activities and 

services such as engagement with student associations, departmental events and/or the career 

hub. The literature has shown that these activities could influence student growth and their 

achievement (Gibson, Bejínez, & Hidalgo, 2004; Robles-Gómez, Ros, & Martínez-Gámez, 

2017). For instance, the factors influencing a student’s sense of belonging in the institution 

include not only learning activities but also extracurricular and non-academic activities. There 

is a significant and positive relationship between students’ perceived sense of belonging in the 

institution, and both their learning engagement and performance (Gibson et al., 2004). Another 
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 example is the use of educational data analytics for the recommendation of job opportunities 

for students (Robles-Gómez et al., 2017). To summarise, this integrated framework offers 

educational technologists a holistic view of data analytics in higher education so that they can 

consider further development beyond the current state such as the application of artificial 

intelligence (AI) for delivering novice insights to each educational stakeholder.  

3.1.4. Future research directions 

The conceptual framework was designed to demonstrate the relations between analytics and 

stakeholders at different levels in the higher education system. IS educators and researchers 

can also use DAHE for determining the analytics field of interest thus saving time and efforts 

in reviewing the relevant literature. Continued research on data analytics in higher education 

would offer a better understanding of institutional data, and the requirements for effective data 

preparation for analytics to allow data-driven decision making and practice (Daniel, 2015). 

However, it is a challenge to improve communication between different aspects of data 

analytics in higher education (Macfadyen & Dawson, 2012). More research is also needed 

concerning the implementation of educational data analytics from various perspectives. For 

instance, the stakeholders at different levels of the education system would have distinguished 

interests in the use of data, and their ethical concerns would differ based on their viewpoint. 

This study aims to contribute to a standard terminology of educational data analytics. 

Our set of unified definitions and the integrated framework provide educators and researchers 

with an overview of different domains of data analytics in higher education. For instance, Table 

III-3 shows a set of examples of analytics at each application level of DAHE. The application 

of data analytics in higher education offers useful insights that support educational stakeholders 

in performing their tasks and decision-making. As such, the development of initiatives and 

tools that enhance learning and teaching by integrated data analytics is crucial to improving the 

course-level and institutional success. Nevertheless, information systems educators may have 

future considerations for investigating perceived belonging by data analytics. Automatic 

update of information related to student activities could indicate their institutional belonging 

and social involvement. This information could extend our knowledge about the impact of 

social involvement on student growth and achievement. By applying this information, the 

institutional managers could eliminate less-effective activities while promoting useful after-

class programs to the students. 
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Furthermore, the application of artificial intelligence (AI) may suggest essential 

indicators that stakeholders at a specific level have not considered previously. For instance, the 

new AI applications may digest the activities of not only educational decision makers but also 

those of related stakeholders. As such, the applications may recommend new factors or patterns 

reflecting the subject of interest. 

3.1.5. Concluding Remarks 

The design and development of educational data analytics would benefit all the educational 

stakeholders in several ways. For instance, such tools could support self-regulated learning, 

improve student success, leverage teachers’ performance, and support institutional decision-

making. As such, the application of data analytics in higher education would help institutions 

and educators to effectively respond to social demands and global changes in a timely manner. 

Although higher education is an increasingly complex and competitive environment, the 

stakeholders have made decisions without insights available from processing immense 

educational data sources. The analytics of data from various sources across an institution would 

offer a better foundation for educational decision-making. 

This paper provides an overview of data analytics in higher education to better inform 

IS educators, researchers, education providers, institutional policymakers, and other 

Table III-3: Examples of Analytics at Each Application Level of DAHE 

Application 

Level 

Educational 

Stakeholder 

Examples of  

Analytics 

Course-level Learners, 

Lecturers, Tutors, 

Researchers 

• Patterns of learning behaviour 

• Modeling self-regulation in learning.  

• Intelligent curriculum 

Departmental Lecturers, 

Researchers, 

Administrators 

• Predictive modeling 

• Identification of at-risk students 

• Performance or achievements 

Faculty-level Administrators,  

marketing 
• Modeling knowledge flow 

• Optimising resources allocation 

Institutional Administrators, 

funders, 

marketing 

• Learner profiles 

• Performance of academics 

• Job suggestion services 

Regional Funders, 

administrators 
• Cross-institutional analysis 

• Institutional performance 

National and 

International 

National 

governments, 

education 

authorities 

• Decision support systems for educational 

policy making 

• Demographic analysis of educational 

stakeholders (e.g., students, academics …) 
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 educational stakeholders so that they can more effectively implement and promote educational 

data analytics. This review of data analytics in higher education reflects the continued 

importance of collaborative efforts to improve and realize these technologies.  

As educational data analytics is in a pre-paradigmatic stage, there is a critical need to 

establish an integrated framework to organize the field knowledge for academia, institutional 

decision-makers, developers and others. A review of the literature indicates that there have not 

been many attempts to build a unified structure for elements in the educational data analytics 

sector. Therefore, our hopes is that the suggested framework establishes a foundation for 

further development and implementation of data analytics to support learning and teaching in 

higher education.  

 

(This is the end of Article II)
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Chapter IV: TAXONOMY AND ONTOLOGY OF 

LEARNING ANALYTICS 

Graphic notations for knowledge have been used for centuries in several fields including 

psychology, sociology, computer information systems, logic and artificial intelligence (AI). 

Ontology building has been a well-known technique for knowledge representation whereas 

taxonomies represent systematic classification schemes that establish the fundamentals of an 

ontology (Jurisica, Mylopoulos, & Yu, 2004; Kwasnik, 1999; Lim et al., 2011). Both the 

domain-specific ontology and taxonomy reflect knowledge of the domain being classified.  

In this chapter, a taxonomy of LA applications and an integrated ontology of LA 

(IOLA) are created following DSR approaches. The chapter consists of two subsections: 

Section 4.1 (Article III) depicts the development of the taxonomy of LA applications whereas 

Section 4.2 (Article IV) demonstrates the creation of IOLA.   
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4.1. A Multi-Layered Taxonomy of Learning Analytics 

Applications (Article III) 

Digital technologies have become immersed in education systems and the stakeholders have 

discovered a pervasive need to reform existing learning and teaching practices. Among the 

emerging educational digital technologies, learning analytics create a disruptive potential as 

it enables the power of educational decision support, real-time feedback and future prediction. 

Until today, the field of learning analytics is rapidly evolving, but still immature and especially 

low on ontological insights. Little guidance is available for educational designers and 

researchers when it comes to studies that apply learning analytics as a method. Hence, this 

study offers a well-structured multi-layered taxonomy of learning analytics applications for 

deeper understanding of learning analytics. 

4.1.1. Introduction 

Given the rapid development of digital technologies, digitalization has not only changed the 

business models of commercial organisations (Markovitch & Willmott, 2014) but the 

digitalization of education has offered novel value-producing opportunities, opportunities for 

improved decision-making, and hence new practices for learning and teaching (Kagermann, 

2015).  Among the emerging digital technologies in education, learning analytics specifically 

are gaining the interest of researchers and educators. Learning analytics are having an impact 

on personalised education, objective evaluation, and institutional decision-making.  

The term ‘learning analytics’ is generally credited to George Siemens and is, in essence, 

an amalgam of many analytic techniques and methods focused on the learning and teaching 

process (Siemens & Tittenberger, 2009). Given that the term is relatively new, there are few 

(perhaps no) studies from a meta perspective documenting the use of various LA applications 

and their complimentary interaction with an aim to create better decision-making opportunities 

in higher education. Sensing an opportunity, in this paper, we address the following research 

question: How can classify learning analytics applications be classified into a taxonomy 

according to “what” are their central components and “how” can they may be used? 

In order to answer the research question, this study applies the taxonomy development 

methodology in information systems by Nickerson, Varshney, and Muntermann (2013) to 

produce a valuable model for the classification of various applications of learning analytics. 
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 The resultant taxonomy is believed to contribute functional, descriptive knowledge related to 

learning analytics. It is intended as an aid in understanding the systemic context of learning 

analytics and its key elements. 

4.1.2. Theoretical Background 

4.1.2.1. Definition of Taxonomy 

Taxonomy refers to a scientific system to classify objects of interest in a domain conceptualized 

from multi-dimensional characteristics. A taxonomy can be defined as a set of dimensions 

constructed with mutually exclusive and collectively exhaustive characteristics. In each 

dimension, each object must have one, and only one of the characteristics and no object can 

have more or less than a single characteristic to comply with the constraint of collectively 

exhaustive and mutual exclusive restrictions respectively. In addition, the characteristics can 

be further grouped into categories to form hierarchical dimensions. Prat, Comyn-Wattiau, & 

Akoka (2015)formulated a taxonomy (T) with categories (Cat) and characteristics (Char) of 

hierarchical dimensions (Dim) as per the following: 

 

During the iterative process of taxonomy development, we have noticed that each 

learning analytics application is a multifaceted object thus a multi-layered taxonomy with 

hierarchical dimensions rather than a flat one. Prat et al. (2015) formulation of taxonomy is 

adopted as the base for the development of a taxonomy for learning analytics application. 

4.1.2.2. Taxonomy of Learning Analytics Applications 

The literature in Information Systems shows extensive use of taxonomy such as a methodology 

for developing and validating a cybercrime taxonomy (Land, Smith, & Pang, 2013), a 

taxonomy of smart objects (López, Ranasinghe, Patkai, & McFarlane, 2011), and a taxonomy 

of knowledge management outcomes for SMEs (Khosravi, Ismail, Ghapanchi, & 

Najaftorkaman, 2014). In this paper, we focus on the development of a taxonomy of learning 

analytics applications.  

As an emerging research discipline, Learning Analytics has been referred to using 

various terms and definitions in both general use and research. In a broad sense, learning 

analytics can be interpreted as applications of data analytics in learning and teaching. At 
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LAK11 (2011), the 1st International Conference on Learning Analytics4, the Society for 

Learning Analytics Research defined Learning Analytics as “the measurement, collection, 

analysis and reporting of data about learners and their contexts, for purposes of understanding 

and optimizing learning and the environments in which it occurs”. Recently, this definition has 

been widely adopted in the research community (Siemens, 2013).  

Using learning analytics, educators and researchers have been able to predict student 

success to improve teaching and learning (Dietz-Uhler & Hurn, 2013; Gašević et al., 2016; 

Siemens & Long, 2011). Learning analytics applications provide up-to-date data about learning 

activities, student engagement, student profiles, and relevant historical data from previous 

semesters to model the learning process and forecast the student’s future performance. Based 

on the predicted information, the instructor can perform the necessary interventions and focus 

more attention on at-risk students.  For instance, Siemens and Long (2011) suggest that a model 

of successful student behaviours can support the faculty to encourage weak students to increase 

their involvement in the activities critical for academic success. The model includes data about 

the frequency of accessing and using learning applications such as LMS tools and discussion 

boards. Using the model of successful student behaviours, the instructors may revise learning 

activities and remove those not related to final grades, i.e., teaching something that is not 

assessed.  

Likewise, Arnold and Pistilli (2012) proposed an early intervention solution for 

academic faculty called Course Signals. The system uses educational data to predict student 

performance and reports the outcomes to the students via a personalised email. The collected 

data included not only grades but also past academic history, students’ demographics, and 

learning engagement. The reported information contains a stoplight or traffic signal, which is 

used to show how each student is performing. All students could be informed of their current 

learning performance, and at-risk students would be informed about their need to change to 

improve their status. This example demonstrates the use of learning analytics from the 

instructor’s perspective as well as at the student level. 

Greller and Drachsler (2012) recommend using learning analytics to inform the 

teaching team about gaps in knowledge presented by the students.  Improvements in the 

curriculum and instructional design and documentation ensure that students and teachers can 

better understand learning needs and performance. At the classroom level, identifying 

knowledge gaps aids the teachers by focusing on missing knowledge parts or a specific, at-risk, 

 

4 The Society for Learning Analytics Research. https://solaresearch.org/. 

https://solaresearch.org/
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 group of students. For instance, they can provide students with additional resources and 

exercises on particular pieces of information to broaden students’ understanding of the essential 

learning content.  

Furthermore, learning analytics has enabled learning personalization and adaptive 

learning systems in higher education (Greller & Drachsler, 2012; Kerr, 2016). Adaptive 

learning systems, also known as personalised or individualized learning applications, refer to 

those that can adapt to student interactions with the system based on a relatively insignificant 

amount of data generated by the students (Kerr, 2016). The learning analytics engine is the 

central component of an adaptive learning system as it collects and analyses user data on a real-

time basis. For example, Hsieh et al. (2012) proposed a fuzzy logic-based personalised learning 

system for enhancing adaptive English learning. The system recommends articles that are 

appropriate for a learner's level of English ability and identifies their need to review words 

within their working vocabulary. The resultant analyses have confirmed that the proposed 

personalised learning system improves learning as well as motivates the students to continue.   

In summary, the current literature contains reports of a number of important 

applications for learning analytics in learning and teaching. However, no attempt has been 

made to classify these applications in a formal structure to provide an overview of the field. As 

a result, an important priority should be to categorise the applications of learning analytics to 

offer useful insights into the nature of learning analytics. 

4.1.3. Research Method 

This research seeks to develop a taxonomy with comprehensive dimensions that can be 

considered as an artefact in the design science research paradigm (Hevner et al., 2004). Design 

science research originated within the field of engineering (Vaishnavi & Kuechler, 2005) and 

was introduced to the IS research community in 1990 (Nunamaker et al., 1990). The 

methodology involves diagnosing observed practical problems to establish research questions, 

solving the problems, developing artefacts to demonstrate the comprehensive solution, and 

evaluating the presented result. The designed artefacts are inserted into a body of knowledge 

to offer additional understandings of the application or relevant area. In this paper, we describe 

a process to design a taxonomy of LA applications to inform and organize emerging 

applications of learning analytics.  

In doing so, we adopted Nickerson et al.'s (2013) seven-step iterative method to build 

a taxonomy.  This method considers previous approaches from different domains and extends 

the classification techniques in social sciences, used by Bailey (1994), to specify a formal 
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development of a taxonomy in the field of Information Systems. In brief, the proposed process 

starts with the determination of meta-characteristics and ending conditions, then proceeds 

through several iterations of building and revising objects, their characteristics, and 

dimensions, to render an anticipated taxonomy. The iterative process only ends once the 

required ending conditions are fulfilled.  

At first, the meta-characteristic is the central aspect to regulate the selection of the 

distinguishing characteristics in a taxonomy. The meta-characteristic reflects and focuses on 

the purpose of taxonomy development. Following this step is the determination (definition) of 

the objective and subjective ending conditions for the iterations of taxonomy construction. 

Each iteration can follow either conceptual-to-empirical or empirical-to conceptual 

approaches.  

Conceptual-to-empirical refers to the approach that conceptualizes the taxonomy’s 

dimensions at first then identifies characteristics for each dimension. Once the dimensions and 

characteristics are determined, the real-life objects will be mapped into an appropriate group 

to form or revise the taxonomy.  

The empirical-to-conceptual approach starts from the identification of real-life objects 

then determines sharing characteristics among each group of objects. In the final step, the 

characteristics are classified into groups to create or revise the taxonomy. The approach 

selection depends on the availability of data and the researcher’s relevant knowledge. As noted 

the iterative process only ends once both objective and subjective ending conditions are 

satisfied. 

In this paper, our first iteration follows the empirical-to-conceptual approach to 

examine LA applications from the existing literature and determine initial dimensions and 

characteristics of the proposed taxonomy. We collected papers from several journals and 

conference proceedings related to information systems in education, educational technology, 

and particularly learning analytics. Our strategy for literature search follows the process of 

formulating the search terms proposed by Wen, Li, Lin, Hu, & Huang (2012). 

The evaluation of the initial taxonomy leads to the second iteration which adapted 

conceptual-to-empirical method. The second iteration revises initial results to propose a 

comprehensive taxonomy of learning analytics applications. The third iteration uses the 

empirical-to-conceptual scheme to evaluate the ending conditions of the revised taxonomy. 
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 4.1.4. Taxonomy Development 

4.1.4.1. Meta-Characteristics and Ending Conditions 

The meta-characteristics should reflect the goal of the taxonomy; thus this research defines the 

meta-characteristics based on the formulated research questions. Hence the meta-

characteristics are: high-level components of learning analytics applications and how they are 

applied in the educational environment. 

The iterative development process of a taxonomy ends once both objective and 

subjective ending conditions have been fulfilled. We adopted Nickerson et al.’s (2013) ending 

conditions and outlined ending conditions applied in the development of the taxonomy as 

showed in Table IV-1. 

Table IV-1: Ending Conditions for the Development of the Taxonomy 

Objective 

Ending 

Conditions 

The definition 

of a taxonomy 

satisfied. 

Each dimension consists of mutually exclusive 

characteristics. 

Each dimension consists of collectively exhaustive 

characteristics. 

Generalizability 

achieved. 

All objects of interest or a representative sample of them 

have been investigated. 

Comprehensive 

sets of 

dimensions and 

characteristics 

obtained. 

Each characteristic of each dimension must include at least 

one classified object. 

No changes (new, update, merge, split, or delete) of 

dimensions or characteristics in the last iteration. 

Every dimension is unique and within each dimension, every 

characteristic is unique. 

Subjective 

Ending 

Conditions 

Appropriate 

number of 

dimensions and 

characteristics 

used to classify 

all objects of 

interests. 

Concise Limited number of dimensions and 

characteristics used. 

Robust Adequate number of dimensions and 

characteristics to differentiate among 

objects. 

Comprehensive All essential dimensions and 

characteristics to classify all objects of 

interest. 

Ease of Use Extendible Uncomplicated insertion of new 

dimensions and new characteristics or 

additional characteristics of an existing 

dimension. 

Explanatory All dimensions and characteristics can 

offer useful explanation about every 

object. 



 

 

 

Article III 

 

 

P a g e | 64 Learning Analytics Information Systems for Higher Education  

4.1.4.2. Initial Taxonomy - The First Iteration 

In the initial iteration, we adopted the empirical-to-conceptual approach as several LA 

applications were identified from the literature. Table IV-2 shows a list of applications gathered 

from existing literature and a brief description for each one. 

Table IV-2: A Summary of Learning Analytics Applications 

Application Research Paper(s) Description 

Visualise 

Learning 

Activities 

Fortenbacher et al. 

(2013); Leony, Pardo, de 

la Fuente Valentín, de 

Castro, and Kloos 

(2012); Ruipérez-

Valiente, Muñoz-Merino, 

Leony, and Kloos 

(2015); Verbert, Duval, 

Klerkx, Govaerts, and 

Santos (2013) 

Learning analytics trace all learning activities 

performed by users on the Learning 

Management System (LMS) to produce visual 

reports on the learning process. The reports can 

support both students and teachers to boost 

learning motivation, adjust practices and 

leverage learning efficiency. (Shum, Gašević, & 

Ferguson, 2012). 

Access 

Learning 

Behaviour 

Blikstein (2011); 

Ramesh, Goldwasser, 

Huang, Daumé III, and 

Getoor (2014) 

 

Learning analytics can be used to collect user-

generated data from learning activities and offer 

trends of learning engagement. Analysing those 

trends can discover the learning behaviour of the 

students and identify their learning styles.  

Predict 

Student’s 

Performance 

Arnold and Pistilli, 

(2012); Pistilli et al. 

(2012); Wolff et al. 

(2013) 

There have been several attempts to use learning 

analytics to predict students’ success and identify 

at-risk students. Based on existing data about 

learning engagement and performance, learning 

analytics apply statistical models and machine 

learning techniques to predict later learning 

performance. By doing so, likely at-risk students 

can be identified for early intervention. 

Individualize 

learning 

Hsieh et al. (2012); Kerr 

(2016); Tseng et al. 

(2008) 

Adaptive or individualized learning systems 

apply learning analytics to consume relatively 

small user-generated data to adjust its content for 

each learner. Furthermore, user profiles and other 

sets of data can be collected and analysed to 

offer greater personalised learning experiences.     

Evaluate 

Social 

Learning 

De Liddo et al., (2011); 

Ferguson and Shum 

(2011) 

Not limited to the assessment of formal learning 

on the LMS, learning analytics can be applied to 

investigate learner’s activities on social networks 

to evaluate the benefits of social learning. 

Improve 

Learning 

Materials 

and Tools 

Macfadyen and Dawson 

(2012); Persico and 

Pozzi (2015) 

 

 

Learning analytics can track student’s usage of 

learning materials and tools to identify potential 

issues. LA can also offer objective evaluation of 

learning materials and tools.  
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 From the identified learning analytics applications, the following dimensions and 

corresponding characteristics have been recognized: 

a) Time-based Feedback 

Learning analytics can offer meaningful information regarding past trends, current events or 

foreseen occurrences. The past trends provide insights into previous learning processes or 

behaviours by discovering common patterns and anomalies among historical datasets 

(Blikstein, 2011; Ramesh et al., 2014). In other cases, learning analytics can respond to the user 

based upon user interactions with the system on a real-time basis (Hsieh et al., 2012; Kerr, 

2016; Tseng et al., 2008). In addition, learning analytics can apply predictive techniques to 

offer information about the upcoming events or states (Dietz-Uhler & Hurn, 2013; Wolff et al., 

2013; Xing et al., 2015). Therefore, a time-based dimension consists of three characteristics, 

namely real time feedback, retrospective feedback and prospective feedback. 

TimeBased_Feedback={Realtime_Feedback (RT); Retrospective_Feedback (RF); 

Prospective_Feedback (PF)} 

b) Primary Data Source 

Learning analytics applications can collect multiple datasets from various sources such as 

learning management systems (LMS) (Arnold & Pistilli, 2012; Duval, 2011), social network 

platforms (Cho, Gay, Davidson, & Ingraffea, 2007; Siemens & Baker, 2012)and enrolment 

systems. In this case, each LA application tends to adapt several sets of data mainly gathered 

from the main source. Some caution is essential to identify the primary data source of LA 

applications to better understand “how” to design, develop and implement the applications in 

an effective manner. The primary data source is formulated as a dimension consisting of 

following characteristics: Learning Management System (LMS), Social Network (SN), and 

Others (ODS).  

Data_Source={Learning_Management_System (LMS); Social_Network (SN); Others (ODS)} 

c) Data State 

In the current context, collected data appear in various forms and sizes but they can be broadly 

classified into three categories namely: dynamic, static and semi-dynamic data. Dynamic data 

is being frequently updated at very short intervals, usually measured in seconds. One typical 

example of dynamic data is the tracking logs that record all interactions between the system 
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and users. Whereas, static data, such as exam scores, rarely change over time. Semi-dynamic 

data, such as learner preference, is often altered but not as frequently as dynamic data.  

Data_State={Dynamic (D); Static (S); SemiDynamic (SD)} 

d) Unit of Analysis 

Learning analytics applications focus on different learning objects to offer object-oriented 

information. For example, some applications may look at student performance by analysing 

the student’s assignment grades and exam scores (Tair & El-Halees, 2012) while another 

investigates events related to learning activities (Ramesh et al., 2014). The units of analysis are 

identified as student performance (marks), learning activities (events) and course curriculum 

(objectives). One can drill down into the course curriculum to the levels of learning materials 

and contents. 

Unit_of_Analysis={Student_Performance (SPer); Learning_Activities (LAct); 

Course_Curriculum (CCur)} 

e) Primary Users 

Primary users are those who directly use and get benefits from the application. Primary users 

may be teachers (T), learners (L), or researchers (R). This dimension relates to the aggregated 

and strategic level of the learning analytics. Learners often receive individual analysis whereas 

teachers and researchers demand aggregated reports for groups of students. A learning analytics 

application may target different user groups at the same time; thus, we consider all possible 

combination to keep the characteristics mutually exclusive.  

Primary_User={Teacher(T), Learner(L), Teacher&Learner(TL), Researcher(R), 

Researcher&Teacher(RT), Researcher&Learner(RL), Researcher&Teacher&Learner(RTL)} 

f) Communication 

We noted that information could be either unidirectional or bidirectional. In other words, 

information may either flow only from the learning analytics system to users or both from the 

application to users and from users to the application. We formulated the information flows as 

a dimension called communication consisting of interactive (INT) and informative (INF) 

characteristics.   

Communication={Interactive(INT), Informative(INF)} 
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 4.1.4.3. Initial Taxonomy of Learning Analytics Applications 

During the identification of the above dimensions, the characteristics of each dimension have 

been systematically checked to comply with the requirement that all characteristics are within 

each dimension. Combining the above dimensions, an initial taxonomy of learning analytics 

applications is constructed as following: 

T_LA0 = {TIMEBASED_FEEDBACK(RT,RF,PF), DATA_STATE(D,S,SD), 

DATA_SOURCE(LMS,SN,ODS), UNIT_OF_ANALYSIS(SPER,LACT,CCUR), 

PRIMARY_USER(T,L,TL, R, RT, RL, RTL), COMMUNICATION(INT,INF)} 

Table IV-3 shows the initial taxonomy of learning analytics applications constructed 

from the above formulation. As new dimensions and characteristics have been created in this 

iteration, the development of the taxonomy continues. 

Table IV-3: Initial Taxonomy of Learning Analytics Applications 

4.1.5. A Multi-Layered Taxonomy of Learning Analytics Applications 

We revised the dimensions of the initial taxonomy and characteristics of each dimension based 

on the literature on learning analytics. As new dimensions were conceived from the literature, 

we adopted the conceptual-to-empirical approach for the second iteration. A layer structure is 

applied to arrange the categories of dimensions to improve the taxonomy’s explanatory and 

Initial Taxonomy 

of LA 

Applications 

Time-based 

Feedback 

Data 

Source 

Data 

State 

Unit of 

Analysis 

Comm

unicati

on 

Primary 

Users 

Learning 

Analytics 

Application 

R

T 

R

F 

P

F 

L

M

S 

S

N 

O

D

S 

D S 
S

D 

S

P

er 

L

A

ct 

C

C

ur 

IN

T 

IN

F 

T, L, TL, 

…, RTL 

Visualise Learning 

Activities 
 X  X   X    X   X LT 

Access Learning 

Behaviour 
 X  X     X  X   X LTR 

Predict Student’s 

Performance 
  X   X   X X    X T 

Individualize 

learning 
X   X   X    X  X  L 

Evaluate Social 

Learning 
 X   X   X   X   X TR 

Improve Learning 

Materials and 

Tools 

 X  X   X     X  X T 
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extendible capabilities. At first, critical dimensional layers are identified from the existing 

research then a taxonomy is constructed and evaluated. 

4.1.5.1. Critical Dimensional Layers 

From the literature review, critical dimensions of learning analytics proposed by Greller and 

Drachsler (2012) best fit with the purpose of this taxonomy development. However, we 

reasoned that internal limitations and external constraints depend on each unique case; thus, 

there are instances when these dimensions are not applicable to a generalized taxonomy of 

learning analytics applications. As a result, they are excluded from the taxonomy construction 

to ensure the proposed taxonomy has generalizability. The remaining components are 

conceptualized as the layers of the taxonomy, consisting of Data Layer (...); Stakeholder Layer 

(…); Objective Layer (…); and Instrument Layer (…). 

a) Objective Layer  

As the Unit of Analysis (…) dimension indicates the targeted objects indirectly relate to the 

main objectives of the application, we merged this dimension into the main purpose (Learner-

Centric, Event-Centric, Content-Centric). Learner-centric learning analytics focus on the 

learner as the central unit of analysis whereas event-centric applications principally investigate 

the user interactions on learning systems. In contrast, content-centric aims for the evaluation 

of the curriculum, course content and materials.  

Main_Purpose={LearnerCentric(LC); EventCentric (EC); ContentCentric(CC)} 

To increase meaning and compatibility, the Time-based Feedback (RT, RF, PF) 

dimension was enhanced to include Feedback Type (Adaptive, Reflective, Predictive) in the 

Objective Layer. Larusson and White (2014) noted that reflection, prediction and adaptive 

learning are the core practical implications of learning analytics. Respectively, real-time 

feedback is classified as adaptive with the intent of changing the learner’s behaviour, reflective 

feedback (RF) aims to propose self-reflections on learning and teaching, and prospective 

feedback provides a prediction for key performance indicators, i.e. a student’s grade based 

upon activities to date 

Feedback_Type={Adaptive(AF); Reflective(RF); Predictive(PF)} 

b) Data Layer 

Data can be obtained from different educational information systems such as the Learning 

Management System (LMS). Stakeholders’ activities in the educational ecosystem 
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 continuously generate many datasets. Apart from static information stored in the databases, the 

advances in technology allow for the real-time capture of dynamic data. Thus, in the previous 

iteration, one key characteristic was identified as the ‘data state’ which is either static, dynamic 

or semi-dynamic. The initial iteration also recognized the ‘data source’. These characteristics 

are now categorised in the data layer. It follows that security and privacy concerns restrict 

access to educational data hence it can also be classified as protected or open data (Greller & 

Drachsler, 2012). Whatever the classification, the right to use educational data remains a 

controversial topic and subject to much debate (Pardo & Siemens, 2014; Slade & Prinsloo, 

2013). 

c) Stakeholder Layer 

Stakeholders may be students, teachers, administrators, departments of education or 

researchers. Greller and Drachsler (2012) proposed that stakeholders can be either data subjects 

who produce educational data, often by interacting with the information systems; or data clients 

who are the beneficiaries of the process by obtaining and controlling the outcome. For example, 

while a learner accesses learning material on the Learning Management System (LMS), the 

system can capture their interaction data such as time spent and navigation path to provide 

reports to the teacher for a better understanding of the learners’ engagement. In this case, the 

learner is a data subject that generates data for the LA process whereas the teacher is a data 

client and is authorised to obtain the LA results. In some cases, a stakeholder can be a data 

subject and a data client at the same time; for example, when they peruse their own data to 

check their achievements. A self-report may guide a student through a process of self-

evaluation and lead to insights about their learning process, revision and review strategies, 

point to practice sets, other learning materials designed for different learning styles, etc.  

However, it is noticeable that data flows in an education system are highly interactive 

and intertwined; thus it is necessary to consider the bi-directional flows of data for the self-

evaluation of analytics. As a result, the distinction between data subjects and data clients are 

not vital in designing data analytics applications. Instead, it highlights the importance of 

determining the stakeholders involved, their objectives, and relevant data flow between them.  

As mentioned in the previous iteration, the determination of the primary user may 

support understanding and developing an effective learning analytics application. After 

revising the initial taxonomy, we identified additional stakeholders such as school 

administrators and educational decision makers. Combinations of different stakeholder groups 

imply mutually exclusive restriction yet are likely to violate the subjective conditions of being 
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Concise and Extendible. We noted that the interactions between stakeholders are also 

significantly important to learning analytics. As a consequence, we adopted a model of LA 

associated with addressing stakeholder levels proposed by Ifenthaler & Widanapathirana 

(2014) (see Figure IV-1). Stakeholder levels stated in the framework are micro, meso, macro 

and mega. The model illustrates the data flow between educational stakeholders and the 

position of LA in the learning context. Although it is not apparent in the model, researchers are 

incorporated at the mega level because they are principle motivating forces for many learning 

analytics applications and their work relates to the generalisation of educational knowledge. In 

other words, agents of knowledge discovery without direct relationships with the stakeholders 

will be categorised at the mega level. 

Stakeholder_Level={Micro; Meso; Macro; Mega} 

d) Instrument layer 

Instruments are techniques or theories used in learning analytics applications to achieve 

anticipated objectives. This layer is a critical bridge between other layers of the taxonomy and 

dependencies existing between the selection of appropriate instruments. For instance, the 

availability of relevant data also plays an important role in the selection of analytic methods 

and the process of data analysis. A learning analytics application may also combine multiple 

instruments to obtain the best possible results. Given that learning analytics is an emerging 

field it is accepted that related theories and techniques frequently change over time. Therefore, 

regarding the dimensions on this layer, we focus on the “how” part rather than the question of 

“what” is the instrument used? As a result, instrument dimensions are conceptualized as 

Expertise Requirement and Operating Complexity. The expertise requirement indicates the 

Figure IV-1: Learning analytics associated with stakeholder levels (Ifenthaler, 2015) 
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 level of knowledge and skills needed to use or develop the particular learning analytics 

application, whereas operating complexity determines the expected time and efforts for 

operating the application and achieving results. These dimensions are formulated as following: 

Expertise_Requirement={Novice(N); Intermediate(I); Advanced(A); Expert(E)} 

and Operating_Complexity={Low;Medium;High} 

4.1.5.2. The Multi-Layered Taxonomy of Learning Analytics 

Integrating all the above dimensions and characteristics, this paper proposes a multi-layered 

taxonomy of learning analytics applications as: 

TLA ={DATA{DATA_STATE(D;S;SD); DATA_SOURCE(LMS;SN;ODS); 

DATA_ACCESS(OPEN;RESTRICTED)}; STAKEHOLDER(MICRO;MESO;MACRO;MEGA); 

OBJECTIVE{MAIN_PURPOSE(LC;EC;CC);FEEDBACK_TYPE(AF;RF;PF)}; 

INSTRUMENT{EXPERTISE_REQUIREMENT(N,I,A,E);OPERATING_COMPLEXITY(LOW,M

EDIUM,HIGH)}} 

Each dimension in this taxonomy is accessed to be mutually exclusive and collectively 

exhaustive to satisfy the definition of a taxonomy. A representative sample of objects of interest 

has been investigated to achieve generalizability of the taxonomy. Moreover, this taxonomy 

consists of seven main dimensions that fall in an appropriate range of seven plus or minus two 

for a concise and robust taxonomy (Miller, 1956; Nickerson et al., 2013). Nevertheless, a third 

iteration was conducted to verify the comprehensiveness of the proposed taxonomy as new 

dimensions and characteristics were constructed in the second iteration. The third iteration also 

acts as an evaluation of the taxonomy; thus, it follows the empirical-to-conceptual approach 

which attempts to discover any additional dimensions or characteristics from newly-discovered 

objects and to map them into the taxonomy. 

4.1.6. Evaluation of the Proposed Taxonomy 

For the empirical-to-conceptual evaluation, additional learning applications identified from the 

literature are Assessment of Personal Learning Environments (Fournier, Kop, & Sitlia, 2011), 

Sophisticated Evaluation of Gamification (Serrano-Laguna, Torrente, Moreno-Ger, & 

Fernández-Manjón, 2014), Support Educational Decision Making (Fulantelli, Taibi, & Arrigo, 

2015) and Examining Virtual Worlds (Fernández-Gallego, Lama, Vidal, & Mucientes, 2013) 

All newly-discovered applications of learning analytics are mapped into the proposed 

taxonomy of learning analytics applications and the results are demonstrated in Table IV-4. 
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Table IV-4: Multi-layered Taxonomy of Learning Analytics Applications 

 

Objective Layer Data Layer 
Stakeholder 

Layer 
Instrument Layer 

Main 

Purpose 

Feedback 

Type 

Data 

State 

Data 

Source 

Stakeholder 

Level 

Expertise 

Requirement 

Operating 

Complexity 

Visualise 

Learning 

Activities 

EC RF D LMS Meso Novice Low 

Access Learning 

Behaviour 
EC RF SD LMS Meso Intermediate Low 

Predict 

Student’s 

Performance 

LC PF SD ODS Macro Expert High 

Individualize 

learning 
CC AF D LMS Micro Expert High 

Evaluate Social 

Learning 
LC RF S SN Macro Intermediate Medium 

Improve 

Learning 

Materials and 

Tools 

CC RF D LMS Meso Advanced Medium 

Assessment of 

Personal 

Learning 

Environments 

LC RF S SN Mega Advanced Medium 

Support 

Educational 

Decision Making 

LC PF SD ODS Mega Advanced High 

Sophisticated 

Evaluation of 

Gamification 

EC RF S ODS Meso Advanced High 

4.1.7. Conclusions and Contributions 

As an emerging interdisciplinary field, the term ‘learning analytics’ is still evolving a concept 

and is subject to ongoing discussions by researchers and practitioners from multiple disciplines. 
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 LA has been studied from different perspectives including informatics, engineering, and 

educational perspectives. In this paper, we proposed a multi-layered taxonomy of learning 

analytics applications. The layers that construct the dimensions of our taxonomy draw from the 

central components of learning analytics, allowing the applications to be assessed based on 

involved elements and strategic capabilities. The iterative development of the taxonomy 

adopted both empirical-to-conceptual and conceptual-to-empirical approaches to refine 

meaningful dimensions and characteristics for a comprehensive taxonomy. Data about the 

objects of interest were collected from the existing literature on learning analytics development 

and implementation. The conceptualization of layers and dimensions was conducted based on 

published conceptual frameworks of learning analytics. The results provide an overview of 

cutting-edge learning analytics applications. The proposed taxonomy also provides guidelines 

for designers and academic institutions interested in the applications of learning analytics. 

Furthermore, our work aims to provide readers and fellow researchers with useful insights into 

the nature of learning analytics.   

 

(This is the end of Article III) 
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4.2. An Integrated Ontology of Learning Analytics 

(Article IV) 

In recent years, learning analytics has gained considerable attention from researchers and 

practitioners in both Information Systems (IS) and Education disciplines. In order to provide a 

better understanding of objects and their relationships in learning analytics, this paper 

introduces an ontology of learning analytics that acts as a knowledge management tool and an 

encyclopedic reference tool for those who are interested in learning analytics. Furthermore, 

the proposed ontology allows systematically and symmetrically future research to contribute 

to the growth of the scientific field as well as to identify the critical gaps within it. 

4.2.1. Introduction 

The recent evolution of big data technologies has enabled the capability of real-time data 

analytics which can capture, store and analyse a massive amount of educational data. Advanced 

data analytics have the potential to transform education systems as they can offer educational 

stakeholders with useful feedback and insights about the process of teaching and learning. As 

a result, learning analytics has emerged as a new discipline and gained the attention of 

educational stakeholders such as researchers and institutions (Nguyen et al., 2017; Siemens, 

2013). Learning analytics (LA) focuses on the learners and their learning processes (Brown, 

2012; Larusson & White, 2014; Siemens & Tittenberger, 2009). Learning analytics collects and 

analyses static and dynamic information about learner profiles, learning contents and context 

for scheduled or real-time modeling and prediction of learning elements. Considering the 

dynamic interoperation and interactions between elements in the educational system, there is 

an urgent need to address an integrated ontology-based view of learning analytics to aid 

development and applications of the cutting-edge technology in education (Nguyen et al., 2017; 

Peña-Ayala, 2018). 

Ontology is a branch of scientific study on the nature of being, existence, and the formal 

structure of being and their relationships. While this method has been mainly confined to the 

field of philosophy in the past, there is a growing body of literature that recognises the 

importance of the study of ontology in a multiplicity of research fields and application areas, 

especially Information Science (Guarino, 1998). In Information Systems, an ontology is a 

practical application of philosophical ontology (Gruber, 2009). It consists of the explicit 

naming and definition of the classes, types, properties, and interrelationships of the entities 

from which to model a particular domain. In fact, ontology is at the heart of our understanding 
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of knowledge engineering (Dietz, 2006; Gruber, 2009), knowledge presentation (Alani et al., 

2003; Guarino, 1998), information modelling (Spyns, Meersman, & Jarrar, 2002; Succar, 

2009), information integration (Alexiev, Breu, & de Bruijn, 2005; Wache et al., 2001) and 

database design (Andersen, Brinkley, Engel, & Peterson, 2003; Storey, Dey, Ullrich, & 

Sundaresan, 1998). It is a fundamental property of information systems, and thus the 

perspective of ontology-driven information systems is established. Ontology has been widely 

used to represent different domains of knowledge or discourse and to enable knowledge 

sharing, yet it is challenging and time-consuming to design ontologies (Navigli & Velardi, 

2004). Considering the ontology development process is tedious, there is a general lack of 

research in ontologies of many state-of-the-art technologies. Much uncertainty still exists about 

the representational primitives and integrated knowledge on their relationships. As a result, this 

study seeks to build an integrated ontology of learning analytics to provide a better 

understanding of this technology. The proposed ontology allows IS researchers and developers 

to explore key components of learning analytics and find potential gaps in this research area.  

In the next section, we systematically review the knowledge structure of learning 

analytics through related conceptual frameworks. The section thereafter introduces the methods 

applied in this study. Next, we describe the development of an Integrated Ontology of Learning 

Analytics (IOLA). The ontology seeks to support the development and implementation of 

learning analytics in education. Finally, we evaluate the proposed ontology and discuss the 

contributions of this study. 

4.2.2. Related Work 

The growth of LA has encouraged the emergence of research that focuses on providing 

frameworks and guidelines to assist the study and application of LA. This has been seen in the 

case of the Learning Analytics Reference Model designed by Chatti et al. (2012) (see Figure 

IV-2). The model demonstrates the connections between learning analytics and related fields in 

Technology Enhanced Learning (TEL) such as recommender systems and personalised 

adaptive learning. The reference model is based on four central dimensions which are data and 

environments (what?), stakeholders (who?), objectives (why?), and methods (how?). The 

model establishes fundamental concepts of learning analytics and further identifies potential 

research directions in the field of learning analytics. In particular, researchers can investigate 

educational data or learning context with respect to context modelling and learning analytics 

in various educational environments. Human factors need to be considered in correspondence 
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to the learning analytics process and stakeholders. Future research can also evaluate current 

learning analytics techniques or design patterns. Nevertheless, new objectives of using learning 

analytics can be developed to benefit multiple stakeholders. Although the Learning Analytics 

Reference Model demonstrated the crucial components of learning analytics, the operation of 

the ecosystem was not exposed.  

The model of learning analytics associated with stakeholder levels (see Figure IV-3) 

illustrates data flow between educational stakeholders and the position of learning analytics in 

the learning context (Ifenthaler & Widanapathirana, 2014). Ifenthaler (2015) proposed a 

holistic learning analytics framework that focused on the learner and learning process. His 

work illustrates learning analytics operation, but it does not concern the surrounding factors. 

Adopting the ontological perspective, Greller and Drachsler (2012) proposed a learning 

analytics framework consisting of six critical dimensions. The study concludes that the optimal 

exploitation of learning analytics only needs to consider these six main dimensions (as shown 

in Figure IV-4). Although the framework demonstrates the main vectors of learning analytics, 

the classification and nature of objects and their attributes can be considered for a 

comprehensive ontology structure of learning analytics. 

Figure IV-2: Learning Analytics Reference Model (Chatti et al. 2012) 
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Figure IV-4: Critical dimensions of learning analytics (Greller and Drachsler 2012) 

Figure IV-3: Learning analytics associated with stakeholder 

levels (Ifenthaler & Widanapathirana, 2014) 
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4.2.3. Methods 

This study adopted the design science paradigm in Information Systems research (Hevner et 

al., 2004) and regarded the ontology as an artefact. Design science research aims to deliver 

both practical and theoretical contributions through the process of developing and evaluating 

the artefact (Peffers et al., 2007; Vaishnavi & Kuechler, 2005). In this case, the literature review 

indicates a need to understand various components of learning analytics. This study introduced 

an ontology as a design science artefact to address that need. Furthermore, the proposed 

ontology is matched into the body of knowledge to offer additional understandings on the 

research area of learning analytics. 

In addition, we also reviewed the studies in ontology engineering to identify and justify 

the process of ontology development. We adopted a well-known methodology for building 

ontologies by Uschold et al. (1995). This methodology consists of four main activities, namely 

1) the identification of scope and purpose, 2) ontology development, 3) evaluation, and 4) 

documentation. Ontology development further involves ontology capture, ontology coding, 

and ontology mapping. This set of activities were applied in several studies and development 

guides (Frolov, Mengel, Bandara, Sun, & Ma, 2010; Noy & McGuinness, 2001; Thuan et al., 

2015). As documentation seeks to describe the ontology and its development, this paper 

represents the formal documentation for the proposed ontology. Apart from documentation, the 

activities for ontology building share similar characteristics to those in design science research. 

Therefore, we adopted elements from both the design science framework (Hevner et al., 2004; 

Vaishnavi & Kuechler, 2005) and ontology building methodology (Noy & McGuinness, 2001; 

Uschold & King, 1995). Figure IV-5 demonstrated the design science-based methodology for 

building ontologies followed by this study. 

First, we defined the scope and objectives of the to-be-built ontology. There is no one 

“correct” ontology: the only question of interest is whether the ontology is useful or not (Li et 

al., 2007; Noy & McGuinness, 2001). Therefore, it is essential to clearly identify the reasons 

for building an ontology and relevant audiences. Furthermore, one ontology may not cover all 

possible concepts within the domain; thus it is also useful to define the scope of the intended 

users of the ontology. 

The ontology development process involves three main activities, namely ontology 

capture, ontology mapping, and ontology coding. The term “ontology capture” refers to the 

identification and construction of the key concepts, their relationships, and related terms from 
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the domain of interest. In ontology capture, the precise, unambiguous text definitions are also 

produced for those concepts and relationships. This study mainly follows a deductive reasoning 

approach for conceptualization, which is similar to Osterwalder and Pigneur (2004). We 

derived the key concepts from published conceptual models reflecting the predominant view 

of the learning analytics literature. Furthermore, the analysis also captured some ontological 

components inductively due to the emerging nature of learning analytics. As an emerging 

discipline, the predominant view of learning analytics may not cover new concepts and 

relationships that would be inductively captured based on observation, experience, and 

expertise in the field. This inductive conceptualization follows the approach used by Thuan et 

al. (2015). 

Ontology coding means an explicit representation of the conceptualisation produced in 

the ontology capture activities. Most of the ontology tools allow coding with common 

representation languages. The selection of an appropriate tool depends on the purpose of the 

ontology, and the level of expertise.  

Ontology mapping refers to the integration of existing ontologies during either or both 

of the capture and coding processes. As ontology development is a complicated and time-

Figure IV-5: A Design Science Based Methodology for Building Ontologies 
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consuming process, it is suggested to reuse and share ontologies if possible (Noy & 

McGuinness, 2001). Nevertheless, integrating existing ontologies needs extreme caution 

because the adopted ontologies may address a different purpose from the to-be-built ontology. 

Ontology evaluation assesses the proposed ontology based on a particular criterion of 

application. Furthermore, ontology evaluation may be the problem of determining the best-fit 

ontology for a specific purpose. This study adopted application-based evaluation to clarify and 

demonstrate the use of the proposed ontology. 

4.2.4. Ontology Building 

4.2.4.1. Determine the domain and scope of the ontology 

The domain of interest in this study is the research area of learning analytics and its 

applications. The main purpose of the ontology development is to offer a reference tool with 

visualisation in which researchers and practitioners may explore key elements of learning 

analytics.  

4.2.4.2. Key Concepts of Learning Analytics (LA) 

a) Stakeholders 

LA stakeholders are people who either affect or to be affected by learning analytics. The 

common groups of LA stakeholders include teachers, students, tutors, administrators, 

researchers and educational developers. The influences can be in either an active or a passive 

form. Stakeholders can act as data subjects or data clients (Greller & Drachsler, 2012). Data 

subjects produce a large amount of educational data through their daily activities. For instances, 

while a learner browses through learning materials on a Learning Management System (LMS), 

the LA system can record their digital footprints with time stamps. Then LA modules analyse 

the data and generate reports to the data clients. In this example, the LA module can report the 

learner’s navigation path and latency to the instructor for a better understanding of the learning 

engagement. In some cases, a stakeholder can be both a data subject and a data client at the 

same time, that is, when they can benefit from their own data to reflect on themselves. For 

instance, students can self-evaluate their learning process by using engagement data.  

The concept “Stakeholders” can be defined as ∀𝑝 person(p) class that has a slot for the 

property has_role. The instances of role(r) class can be teacher, student, tutor, administrator, 

researcher, developer and governor. Furthermore, 𝑃𝑒𝑟𝑠𝑜𝑛 can perform some activities (a) 

those emit data to the environment or receive outcomes(o) from the learning analytics system. 
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∀𝑝 𝑃𝑒𝑟𝑠𝑜𝑛(𝑝) ≡ (∃𝑟, 𝑎, 𝑜, 𝑅𝑜𝑙𝑒(𝑟) ∧ 𝐴𝑐𝑡𝑖𝑣𝑖𝑡𝑦(𝑎) ∧ 𝑂𝑢𝑡𝑐𝑜𝑚𝑒(𝑜) ∧ ℎ𝑎𝑠_𝑟𝑜𝑙𝑒(𝑝, 𝑟)

∧ 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑠(𝑝, 𝑎) ∧ 𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑠(𝑝, 𝑜)) 

b) Objectives 

The objectives of learning analytics can be classified into three main categories, namely 

Adaptive, Reflective and Predictive (Nguyen et al., 2017). The instances of objective classes 

are the actionable insights or automatic responses offered by learning analytics. An example 

can be “What are students engaged in?” The objective(ob) class guides the data analysis 

performed by instruments(i), 

∀𝑜𝑏 𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒(𝑜𝑏)  

≡  (∃𝑑, 𝑜, 𝑎𝑖, 𝑟𝑖 𝐷𝑎𝑡𝑎(𝑜) ∧ Instruments(𝑖) ∧ 𝑂𝑢𝑡𝑐𝑜𝑚𝑒(𝑜) ∧ 𝑃𝑒𝑟𝑠𝑜𝑛(𝑝)

∧ Instruments(𝑖) ∧ 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑠_𝑎𝑛𝑎𝑙𝑦𝑠𝑖𝑠(𝑜𝑏, 𝑎𝑖, 𝑑) ∧ 𝑟𝑒𝑝𝑜𝑟𝑡𝑠(𝑜𝑏, 𝑟𝑖, 𝑜, 𝑝)) 

Reflection aims at self-observation and self-evaluation of a data client for supporting 

appropriate interventions and decision-making processes. For instance, learners can reflect on 

their learning process and be alerted to their learning personalities and performance. 

Nevertheless, the process of reflection can also be based on datasets produced by other 

stakeholders. This can be clearly seen in the case of teachers who reflect their teaching styles 

based on students’ datasets.  

Probabilistic prediction is another critical objective for learning analytics (Brown, 

2012; Krumm et al., 2014; Siemens & Baker, 2012). Probabilistic prediction uses machine 

learning and data mining techniques to analyse a large collection of datasets to make 

predictions about unknown future events. Although Greller and Drachsler (2012) suggested 

that prediction is fundamental for adaptive services and personalisation, other studies 

distinguished the objectives of using learning analytics for feedback, monitoring, and 

individualisation leading to adaptation of learning processes and the surrounding environment 

(Chatti et al., 2012; Krumm et al., 2014).  

c) Environments, Data, and Instruments 

The environment is where educational activities occur, and it can be either a physical or digital 

environment. The stakeholders interact with the learning and teaching sequences via these 

environments. For instance, a student can listen to the teacher in the classroom (Physical 

Environment) and read a recommended e-book on the LMS (Digital Environment). 

Stakeholder activities (a) in the environment generate diverse data that can be obtained by data 

collection instruments (Clow, 2013). Instruments are the way to realise data analytics in 
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education, including methods, techniques, and technologies. The learning environment 

contains multiple learning and teaching contexts, which are vital for some learning analytics 

objectives. For instance, learning adaptation relies on students’ interactions with a specific 

learning context (Oboko, Maina, Waiganjo, Omwenga, & Wario, 2016).  

4.2.4.3. Initial Schema of Learning Analytics Ontology 

An initial schema of learning analytics ontology is developed by incorporating the identified 

key concepts of learning analytics and their relationships. Figure IV-6 shows an initial schema 

of the ontology of learning analytics.  

From an ontological perspective, the proposed schema represents the top-level super-

classes of the concepts. In application, an instance of the learning analytics loop may involve 

more than one subclass or instance of the same top-level concept. For instance, data emitted by 

video viewing activities (activity) of a student (person(p1)) are captured by the learning 

analytics system to report information about video learning engagement (outcome) to the 

teacher (person(p2)). Moreover, activities performed by each individual may be captured for 

self-evaluation. For instance, the teacher’s evaluation of learner’s activities would be collected 

for further recommendations on necessary actions. The initial schema of learning analytics 

ontology can be applied to design cross-adaptation loops between learning analytics systems 

and stakeholders to reflect their interoperation and inter-adjustments in the learning and 

teaching environment (Nguyen et al., 2016). 

Nevertheless, learning analytics researchers and practitioners must carefully consider 

the specific sets of subclasses and instances of learning analytics constructs for designing and 

Figure IV-6: Initial Schema of Learning Analytics Ontology 
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implementing effective learning analytics applications. Although the proposed initial schema 

offers an overview mechanism of a learning analytics system, it must be considered that not all 

educational data are useful (Dawson, Gašević, & Siemens, 2015). 

4.2.4.4. Ontology Mapping 

The review of previous studies on learning analytics and educational ontologies identified a 

four-layered integrated learning ontology related to the initial schema. We integrated some 

existing components to the to-be-built ontology. Nevertheless, there are adjustments to address 

the difference in scopes or purposes. 

a) Learning ontology 

Chung et al. (2015) proposed a four-layered integrated learning ontology that consisted of 

learning and teaching subjects classified under different pedagogic layers (as shown in Figure 

IV-7). This ontology included a curriculum ontology, a syllabus ontology, a learning subject 

ontology and a learning resource ontology. The top level of the integrated ontology starts with 

the curriculum ontology which is related to the body of knowledge (BoK) and educational 

strategies. Then it drills down to syllabus, subject, and resource layers.  

This ontology not only constructs the semantic relationships between learning materials 

but also relates to the semantic representation of the fundamental information of learning 

Figure IV-7: Four-layered integrated learning ontology (Chung et al., 2015) 
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domains. The structure of this ontology integration can also be applied to the learning and 

teaching process to describe the context. As a result, we adopted this model for representing 

the context of learning and teaching (∀𝑐 context(c) class) in the proposed ontology of learning 

analytics. In particular, educational stakeholders (person) perform teaching and learning 

activities (activity) in a specific context (context) matched in a hierarchy of learning and 

teaching subjects constructed based on the four-layered integrated learning ontology by Chung 

et al. (2015). This ontology mapping enhances learning analytics applications such as 

evaluating learning outcomes and constructing graduate profiles. For instance, the interaction 

data between students (person) and learning resources (resource) would be automatically 

matched with learning objectives (LearningObjective) of the course syllabus and assessment 

performance for accessing the impact of learning resources on learning outcomes. 

b) Scientific research based on the semantic web 

Ghanem et al. (2015) propose a concept of scientific research based on the semantic web that 

addresses the organisation of publications by using ontologies. The ontology proposed by 

Ghanem et al. (2015) (see Figure IV-8) organises the key information and meta-data about an 

academic publication. The study suggested that using a semantic web of academic publication; 

researchers can easily query information within the research areas of interest. The ontology 

provides direct answers on the state-of-the-art in their fields of research. Furthermore, the 

semantic web can detect plagiarism and automatic generation of a review article in a specific 

research area. As the primary purpose of the proposed ontology is to act as a guideline for 

Figure IV-8: A part of the class hierarchy (Ghanem et al. 2015) 
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people interested in learning analytics, the information that can be provided by Ghanem et al.'s 

(2015) ontology is useful. Therefore, we adopted the concept of scientific research based on 

the semantic web to connect each element of learning analytics to relevant publications.  

c) The environment of ontology coding 

The common formal languages for ontology coding are OWL (Ontology Web Language), XML 

(eXtensible Markup Language), and RDF (Resource Description Framework). There are also 

a variety of tools and development environments that may be used for ontology coding (Mishra 

& Jain, 2015). A few examples of ontology building tools are NeOn Toolkit, Fluent Editor, 

SWOOP, VocBench, and Protégé.  

In this study, we use Protégé 5.1.0, a free and open-source integrated software tool for 

ontology development. This software has been widely used by system developers and domain 

experts to construct knowledge-based systems and domain models. Protégé has a large 

community of users and supporters, and it has been used in many previous studies (Ghanem et 

al., 2015; Yan & Zha, 2010). 

4.2.5. An Integrated Ontology of Learning Analytics (IOLA) 

Integrating all the above concepts and existing ontologies, this paper proposes an integrated 

ontology of learning analytics that provides an overview of key learning analytics components. 

Furthermore, the proposed ontology can be defined as a representation of knowledge within 

the research area in learning analytics. Figure IV-9 demonstrates a part of the visualisation of 

the proposed ontology. 

Figure IV-9: A part of the Integrated Ontology of Learning Analytics (IOLA) 
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The Integrated Ontology of Learning Analytics (IOLA) incorporates a set of concepts 

and properties designed to capture and represent different elements related to learning 

analytics. IOLA also embraces a semantic web of learning analytics research to reflect this 

state-of-the-art technology. IOLA not only consists of research and knowledge about learning 

analytics but also establishes the relationship between the literature and practical tools and 

components. Figure IV-10 shows the class hierarchy of the Integrated Ontology of Learning 

Analytics (IOLA). 

The ontology is capable of assisting researchers and practitioners in exploring the 

concepts of learning analytics and relevant applications. For instances, the user can query all 

related tools (instrument) that can be used for a specific objective to improve learning and 

teaching. Furthermore, a deep analysis of existing literature and practical tools using IOLA 

may reveal the knowledge units lacking focus. Researchers can conduct appropriate studies to 

address the discovered gaps and comprehend the body of knowledge in the field of learning 

analytics.  

4.2.6. Evaluation of the Proposed Ontology 

In order to evaluate the proposed ontology, we analyse a basic scenario of learning analytics 

and determine if the mapped instances would fit in the classes of the ontology. In particular, 

the scenario starts with the question “What are students engaged in?” which can be addressed 

by using learning analytics technology. The identified instances and concepts through the 

analytics progress are mapped into the proposed ontology. As the construction of learning 

analytics mainly follows the deductive approach, this empirical-to-conceptual evaluation may 

discover missing concepts. This approach is similar to Nickerson et al. (2013), who conducted 

an empirical-to-conceptual iteration to evaluate the knowledge models based on the 

conceptual-to-empirical approach. Table IV-5 shows the results for mapping identified 

instances into the proposed ontology. 

 

Figure IV-10: Class hierarchy of the ontology of learning analytics 
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Table IV-5: A manual analysis of the application of IOLA 

Scenario question – 

Learning analytics 

objective(o) 

Instances for retrieval 

What are students 

engaged in? 

• Technology(t) subclass of Instrument(i) has instance 

values as event_tracker 

• Listing of instances within Context(c) class 

• Engagement is calculated by the frequencies of 

activities performed by person(p) class with the role(r) as 

student. 

• Method(m) subclass of Instrument(i) has instance 

values as descriptive statistics, visualisations and 

dashboard summaries. 

• Technology(t) subclass of Instrument(i) has instance 

values as edx_analytics_pipeline, 

edx_insights_dashboard (edx analytics as an example). 

• Outcome(s) class has instance values as: “the most 

engaging materials”, “weekly class activity”, or “top 

active learners”. 

The analysis shows that the Integrated Ontology of Learning Analytics (IOLA) cover 

all elements of the process of learning analytics. Considerably more work will need to be done 

to evaluate IOLA comprehensively. Notwithstanding the relatively limited evaluation, this 

illustration of applying IOLA demonstrates how the proposed ontology assists researchers and 

practitioners in exploring and designing the development and implementation of learning 

analytics.  

4.2.7. Conclusions and Contributions 

There is a growing interest by institutions in adopting learning analytics for improving learning 

and teaching outcomes (Brown, 2012; Clow, 2013; Daniel, 2015). As learning analytics is in a 

pre-paradigmatic stage, there is a critical need to establish a formal integrated ontology to 

organise the field knowledge for academia, institutional decision-maker, developers and others. 

A review of the literature indicated that there have not been many attempts to create a unified 

structure for elements in the learning analytics sector (Nguyen et al., 2017). The pre-defined 

ontologies are integrated to connect all the concepts and definitions. We proposed a 

comprehensive ontology for learning analytics that includes units of knowledge for the process 

of learning analytics.  

The integrated ontology may help stakeholders better understand objects and their 

relationship in an analytics-based educational context. It is hoped that this study may inspire 

and support future research and development in learning analytics. Furthermore, we propose 
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that the formal knowledge management of this state-of-the-art technology must set as a priority 

organising the key concepts and their relationships in both theoretical and practical aspects. 

We believe that an ontological view would offer educational technologists and researchers a 

better understanding of learning analytics and how it could be applied in improving learning 

and teaching.  

The Integrated Ontology of Learning Analytics (IOLA) can act as a knowledge 

management tool and an encyclopaedic reference tool for those who are interested in learning 

analytics. The definition of educational objects and their properties is subject to certain 

limitations as the educational context is complex and changing over time. Additional research 

is required to determine the efficacy of the IOLA and to refine it. Whilst this study did not 

confirm the potency of the proposed design, it partially substantiates the importance and 

usefulness of an integrated learning analytics ontology. 

 

(This is the end of Article IV) 
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Chapter V: CONCEPTUAL FRAMEWORKS FOR 

LEARNING ANALYTICS 

In this chapter, we present the conceptual frameworks for learning analytics information 

systems (LAIS). First, we describe the Unified Learning Analytics Framework (ULAF) as a 

tool to aid the design and development of LAIS. The framework illustrates the core components 

of IS for learning analytics and their interactions. We then propose a conceptual model for the 

learning adaptation module, which has been presented at the Workshop on Information 

Technology and Systems (WITS). Lastly, Article V depicts a framework for applying serious 

games analytics for people with intellectual disabilities (SGAPID), a derived framework of the 

Unified Learning Analytics Framework (ULAF). 
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5.1. Conceptual Frameworks of Learning Analytics 

Information Systems 

This section proposes a generic framework for the development of LAIS. 

5.1.1. Unified Learning Analytics Framework 

Figure V-1 illustrates the Unified Learning Analytics Framework (ULAF). It consists of three 

main modules which are 1) learner profiling, 2) learning adaptation, and 3) learning evaluation. 

The learner profiling module aims to establish an explicit relationship between the learner and 

the learning environment by aligning the learner’s accessibility requirements and affordances. 

The learning adaptation module offers the capability to provide dynamic responses to learning 

activities and the environment in which learning occurs. The learning evaluation module 

provides feedback so that students can self-regulate their learning behaviour and engage in 

deep learning. A detailed description of ULAF is presented in Article V which demonstrates 

an application of ULAF in a specific context.  

Figure V-1: Unified Learning Analytics Framework (ULAF) 
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5.1.2. Conceptual Model for Human-Computer Adaptation 

This section proposes a conceptual model that extends the learning adaptation module in the 

Unified Learning Analytics Framework (ULAF). We adopted and extended the Roy Adaptation 

Model (Roy, 1984) which originated from the field of nursing practice. By manipulating human 

adaptation to the environment, we propose an integrated human-computer adaptation 

framework of an intelligent learning system (see Figure V-2). The first dimension covers the 

central components of the adaptation process. The first layer is the system adapting process. 

The adaptation begins when a stimulus or any data input is recognised by the appropriate 

sensors. The signal information is sent through control processes which are moderated by the 

effectors. After processing, the system, including the human component, reacts to the 

environment with adaptive or ineffective responses. In the system self-adaptation loop, 

adaptive algorithms adjust the effectors after the system responses thus mediating control 

processes over time. Cross-adaptation closes the loop between stakeholders and computer 

systems. It reflects their interoperation and inter-adjustments in the learning and teaching 

environment. It is suggested that the system design should consider adaptive algorithms to not 

only user input but also to changes in human effectors and to the system itself.

Figure V-2: The Integrated Human-Computer Adaptation Framework of an Intelligent 

Learning System (Nguyen et al., 2016) 
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5.2. A Framework for Applying Learning Analytics in 

Serious Games for People with Intellectual Disabilities 

(Article V) 

This paper proposes a systematic framework to integrate learning analytics into serious games 

for people with intellectual disabilities. Serious games for an inclusive learning environment 

need to be prudently designed with adaptive and measurable competencies to meet the needs 

of the target users. The recent emergence of learning analytics provides a capability to capture 

important data in real time from within the highly interactive nature of serious games to better 

understand and enhance the learning process. Although previous research has addressed 

different applications of learning analytics in serious games, few studies have investigated the 

needs of individuals with disabilities. This paper proposes a framework for serious games 

analytics specialised for people with intellectual disabilities (SGAPID) for the purpose of 

supporting the integration of learning analytics within serious games to create an inclusive 

learning environment. We provide a framework based on previous studies in both learning 

analytics, serious games, and educational technologies for people with intellectual disabilities. 

The framework consists of three central components, namely learner profiling, learning 

adaptation, and learning evaluation. It provides needed guidance for educational application 

developers and reflects the contemporary trends in educational technologies. The SGAPID 

framework will also be valuable for the design, implementation, evaluation and adaptation of 

serious games for inclusive learning and teaching at the group or individual level. 

5.2.1. Introduction 

The game industry is growing rapidly and estimated to be $18.4Bn in the USA alone (Statista, 

2017). Several studies have recognised and realised the educational potential of digital games 

(Cheng, Lin, She, & Kuo, 2017; Roozeboom, Visschedijk, & Oprins, 2017). As a result, 

educational technologists and researchers have designed and developed serious games, a new 

genre of digital games for educational purposes.  Serious games can be defined as games for 

purposes other than mere entertainment; to teach a specific set of skills and knowledge. While  

serious games were originally used for specialised training in industries such as healthcare or 

military, serious games have a growing importance as an educational product with the great 

potential to enhance learning and teaching – especially for twenty-first-century students. 
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(Carvalho et al., 2015; M Freire & Blanco, 2014). For example, in the context of education, 

Ebner and Holzinger (2007) reported a successful implementation of user-centred game-based 

learning in teaching civil engineering. Moreover, educational technologists have also applied 

serious games in special education for people with disabilities (Torrente et al., 2014). Previous 

research suggests that serious games are a type of educational technology that can provide an 

enhanced experience compared to other teaching methods (Carvalho et al., 2015; Roozeboom 

et al., 2017). However, it is important to have a deeper understanding of the impact of serious 

games on the learning process to encourage its use in education. Notwithstanding, the learning 

process within a serious game environment is difficult to monitor and access via traditional 

educational measurements such as in-class observation and performance tests.  

Meanwhile, learning analytics as newly emerged technology has offered the ability to 

access and enhance learning in digital environments.  The main purpose of learning analytics 

is to collect and analyse details of individual student interactions in learning activities for 

improving learning and teaching. Learning analytics has recently gained attention of 

educational researchers and practitioners. The term “learning analytics” has referred to 

different meanings and definitions as interpreted by different people. Nevertheless, the most 

common definition is the description by the Society for Learning Analytics Research (Siemens 

& Long, 2011), which defined learning analytics as “…the measurement, collection, analysis, 

and reporting of data about learners and their contexts, for the purposes of understanding and 

optimizing learning and the environments in which it occurs.” As serious games are a kind of 

educational technology, the application of learning analytics can access and improve the 

performance of teaching and learning in serious games. Furthermore, learning analytics can 

offer an ability to support a wide variation of learner needs in learning.  

Intellectual disability is defined by the American Association on Intellectual and 

Developmental Disabilities (AAIDD) as “a disability characterised by significant limitations 

in both intellectual functioning and in adaptive behaviour, which covers many everyday social 

and practical skills.” (“Definition of Intellectual Disability,” n.d.). Intellectual disabilities 

affects about 2-3% of the world population, making it one of the most frequently occurring 

disabilities (Schwartz & Boccuto, 2016). Although students vary widely in their abilities and 

needs, appropriate and adaptive learning conditions can help them to reach a high level of 

achievement. At present, there appear to be few examples that take full advantage of analytics 

in serious games for people with intellectual disabilities. In this paper, we propose a systematic 

framework to integrate learning analytics into serious games for creating an inclusive learning 
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environment in which students with intellectual disabilities receive personalised support and 

enhanced learning experiences. 

The article proceeds as follows. First, this paper describes the methodology and reviews 

conceptual frameworks of learning analytics in serious games and the design of serious games 

for people with intellectual disabilities. From the theoretical and conceptual foundations, we 

propose a framework for serious games analytics specialised for people with intellectual 

disabilities (SGAPID). The framework includes three main components: learner profiling, 

learning adaptation, and learning evaluation. A logical architecture of a serious game analytics 

system is also developed and described according to SGAPID. Finally, we illustrate an 

application of SGAPID in designing a serious game analytics system. This conceptual research 

and the proposed framework will be valuable for the design, implementation, and evaluation 

of serious games for inclusive learning and teaching  

5.2.2. Methodology 

While behavioural research seeks to form and validate theories that extend the body of 

knowledge on human or organisational behaviour, design research is for artefacts that deliver 

both usefulness and new knowledge. The designed artefacts can be any object that can solve a 

observed research problem and help to understand it (Peffers et al., 2007). They can include 

any constructs, methods, models, frameworks, instantiations, social innovations, and new 

properties of social, technical, or informational resources (Hevner et al., 2004; Peffers et al., 

2007). Since our main aim is to design and develop a framework to integrate learning analytics 

into serious games for people with intellectual disabilities, this study adopted the common 

design science paradigm in Information Systems research  that views the conceptual framework 

as an artefact (Hevner et al., 2004).The SGAPID conceptual framework was designed by 

integrating theories and frameworks from different disciplines namely learning analytics, 

serious games, and educational technologies for people with intellectual disabilities. Through 

the review of related literature, the theories and frameworks were selected based on the design 

purpose of SGAPID and from the well-known publications in each research area. These include 

the learning analytics framework by Ifenthaler and Widanapathirana (2014), the serious game 

analytics frameworks by Westera, Nadolski, and Hummel (2014) and Loh, Sheng, and 

Ifenthaler (2015), and the framework for aligning needs and affordances by Antonenko, 

Dawson, and Sahay (2017). The key main components of the selected frameworks and their 

relationships were integrated to form SGAPID as an integrated framework to integrate learning 

analytics into serious games for people with intellectual disabilities. Our approach of 
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developing a conceptual framework is similar to those applied in both information systems 

(Peiris & Gallupe, 2012) and special education technology (Antonenko et al., 2017) research. 

5.2.3. Theoretical and Conceptual Foundations 

5.2.3.1. Learning Analytics in Serious Games 

While playing serious games, the learners produce a large amount of gameplay data that can 

be digitally traced through variables within the games themselves. In fact, the amount of 

interaction data generated within serious gameplay is richer than almost any other form of 

content (Loh et al., 2015). Therefore, the application of data analytics to examine gaming data, 

also known as game analytics, can provide useful information to improve user experiences. 

Furthermore, as serious games are a dynamic learning environment, gameplay data can also be 

referred as learning data. The combination of the tools and technologies from game analytics 

and learning analytics has given rise to the term “serious game analytics (SGA)” (Westera et 

al., 2014), or also known as “game learning analytics (GLA)” (Manuel Freire et al., 2016). The 

distinction between game analytics and SGA is important because the difference is based on 

their primary purpose. While game analytics focus on making better gameplay and design, 

serious game analytics aim to support skills and human performance improvement (Manuel 

Freire et al., 2016; Loh et al., 2015). From an educational perspective, we define serious game 

analytics as the “practice of examining data to provide real-time actions or valuable insights 

for purposes of understanding and enhancing learning.” Due to the dynamics within the gaming 

environment, serious game analytics differ from traditional learning analytics which mainly 

focuses on activities on the learning management system (LMS) (Loh, Sheng, & Ifenthalesr, 

2015). Serious game analytics inherit the core of game analytics but add to them the logical 

factors of learning analytics. 

Ifenthaler and Widanapathirana (2014) have attempted to conceptualise and realise the 

emerging use of data analytics in the context of learning and teaching. They proposed a generic 

framework for learning analytics. This framework describes three main profiles for learning 

analytics: learner profiles, learning profiles, and curriculum profiles. These profiles include 

static or dynamic parameters which can be analysed using pre-defined analytic models to 

produce automated interventions. The static parameters do not change quickly over time while 

dynamic parameters need to be updated on a real-time basis. Table V-1 summarises the 

common parameters within each profile of learning analytics proposed by Ifenthaler and 

Widanapathirana (2014). 
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Table V-1: Main Profiles of Learning Analytics Proposed by  

Ifenthaler and Widanapathirana (2014) 

Profile 
Type of 

Parameters 
Examples 

Learner Profiles 

Static 

Gender, age, work experience, current 

employment status, education level, and 

history, etc. 

Dynamic 

Interest, motivation, learning strategies, 

emotions, average performance scores, pass-

fail rate, computer and social media skills, 

enrolments, dropouts, etc. 

Learning Profiles Dynamic 

Metadata about an activity performed within 

the learning environment, including: time 

spent, login frequency, discussion activity, 

support access, ratings of learning, task 

completion rate, assessment activity, 

assessment outcome, material, assessment, 

support, effort, learning material activity 

(upload/download), etc. 

Curriculum Profiles Static 
Course information, learning outcomes, 

sequencing of materials and assessments, etc. 

Educational data analytics, however rudimentary, has shown its usefulness and 

potential in a variety of implications such as predicting at-risk students (Dietz-Uhler & Hurn, 

2013), analysing student engagement (Siemens & Long, 2011) and adaptive learning (Larusson 

& White, 2014). Nguyen, Gardner, and Sheridan (2017) have summarised the key applications 

of learning analytics, including visualisation of learning activities, accessing learning 

behaviour, prediction of student performance, learning personalisation, evaluation of social 

learning and improving learning materials and tools (see Appendix 1). Learning analytics can 

support both students and teachers to promote learning outcomes. Furthermore, adaptive 

learning systems provide personalised learning experiences that address individual 

accessibility requirements. These features offer great opportunities to enhance learning for 

people with intellectual disabilities. Despite the differences in design and implementation, 

these applications can be transferable from learning analytics to serious game analytics. 
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5.2.3.2. Needs-Affordances Alignment for People with Intellectual Disabilities 

Learning takes place through the interactions learners have with the learning environment 

including their peers, teacher, learning materials and learning platforms. These interactions can 

be referred as a reciprocal relationship between the learning environment’s affordances and the 

learner’s accessibility requirements. The term “affordance” was first coined by the perceptual 

psychologist Gibson (1977) to refer to the essential properties between the world and an actor. 

In the context of learning and teaching, we describe affordance as an action possibility between 

the learning environment and a learner (actor).  

Serious games, as a kind of educational technology, must enhance this reciprocal 

relationship to be useful. For instance, if a serious game is designed for dyslexic learners with 

difficulty recognising letters and words with similar visual appearance, it should afford an 

ability to support letter recognition. Whizzimo is a typical example which allows dyslexic 

learners to select and organise tiles of letters and letter combinations to practice reading and 

spelling those letters and words (Antonenko et al., 2017). Likewise, to be useful, serious game 

analytics must enhance the relationship between the learning environment’s affordances and 

the learner’s accessibility. 

5.2.3.3. Original Serious Game Analytics (SGA) and SGAPID 

Currently, serious game learning analytics mostly rely on collecting and analysing data 

obtained from the interactions within the gaming environment to improve learning and 

teaching. As original serious game analytics are designed for users without any disabilities, 

there is an assumption that the learners’ accessibility is homologous to a certain extent. Table 

V-2 discusses the differences between Original SGA and SGAPID. 
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Table V-2: Comparison between Original SGA and SGAPID 

5.2.4. A Framework for Serious Games Analytics Specialised for People 

with Intellectual Disabilities (SGAPID) 

The literature review above identified three central profiles of learning analytics as learner 

profile, learning profile, and curriculum profile. As the framework aims to conceptualise the 

application of learning analytics in serious games, the design should be driven by these key 

profiles.   

Fundamentally, serious game analytics need to examine how each learner plays the 

game. The SGA system needs to sense, collect and store detailed information about the 

interactions between the learner and the gaming environment, as well as the changes in game 

states. It is important to track, store and process necessary data during gameplay. In fact, real-

time data collection and processing allow recommendation and adaptive features in responses 

to learning activities. For example, a learner in an open-world serious game may get lost while 

Original Serious Game Analytics (SGA) SGA for People with Intellectual 

Disabilities (SGAPID) 

Original SGA is designed for the majority of 

users without any disabilities, accessibility 

and other requirements. 

SGAPID must consider learners’  

accessibility requirements. 

Learner Needs: Original SGA does not need 

to take account of learners’ accessibility 

requirements Typical static parameters in 

learner profiles include gender, age, 

educational history, and work experiences. 

Learner Needs: Apart from the typical 

parameters, SGAPID must also consider 

information regarding learners’  

accessibility requirements  to include in 

learner profiles. 

Functional Affordances: As original SGA do 

not record learner needs, the alignment 

between learner needs and system affordances 

is not taken into account.  

Functional Affordances: Alignment 

between learner needs and system 

affordances to inform analytics metrics and 

identify potential affordances by SGA. 

Event Tracker: Common events are captured 

from device input, e.g., mouse clicks, 

keyboard strokes, pen / finger pointing, etc. 

Event Tracker: SGAPID may need to track 

dynamic gaming data and map them to the 

learner profile in real-time to provide 

essential support for improved 

accessibility. It is vital for SGAPID to 

collect the demographic data of the learner. 

Processing Tasks: The analytical algorithms 

are unified among all learners. 

Processing Tasks: Analytical algorithms 

can adapt to each learner according to their 

accessibility requirements. The processing 

tasks need to consider the user profile with 

accessibility requirements as an input for 

further analysis. 
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performing a task. In this case, SGA should identify the situation and guide the learner to the 

task location.  

Once the interaction data are collected, they should be aggregated and analysed to 

reveal useful insights. This analysis can be performed in a module inside the game application 

(Westera et al., 2014) or a remote server (Manuel Freire et al., 2016). It is faster and requires 

fewer resources to develop and operate an embedded analytics module within a serious game 

(client-side SGA). Furthermore, an embedded module can produce real-time responses while 

being offline. Client-side SGA is often well-integrated with game codes. Thus, it can perform 

complex adaptive tasks in response to user interactions. On the other hand, stand-alone 

analytics on a remote server (server-side SGA) avoids much modification into the game’s 

source code. Although an event tracker must sit in a game application to enable data collection, 

the other components of serious game analytics can be set up on the remote server. Data 

collected by the event tracker are sent to a stand-alone SGA via data Application Programming 

Interfaces (APIs) for processing. Service-side components receive data from the event tracker, 

analyse them and store the outcomes in a result database. Then an analytics dashboard can 

retrieve and visualise information from the database to users. This analytics module can be 

built either within the game for learners’ use only, or in the remote server for multiple 

stakeholders including game developers and learning designers. As each approach has distinct 

advantages and disadvantages, the selection would depend on the objectives of SGA design. 

For instance, SGA applications that focus on information visualisation and behaviour 

modelling could favour server-side analytics whereas personalised learning modules should be 

built into the game. A comprehensive SGA system should incorporate both server-side and 

client-side analytics to offer different functionalities. 

Similar to learning analytics, serious game analytics should focus on the learner and 

learning process rather than the gaming environment. While serious games are designed to 

teach a specific set of skills and knowledge, an integrated approach to SGA can provide a 

comprehensive view of the learner and learning development. However, the current SGA 

frameworks are designed to produce valuable insights mainly based on data collected from a 

single gaming environment. An integrated SGA architecture for multiple serious games could 

offer a better understanding of learning activities across those learning environments. Figure 

V-3 demonstrates how an individual SGA can be combined to form an integrated SGA. 
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Each individual SGA module has an event tracker to trace and record learning 

interactions in accordance with a unified format defined in meta-data schemas. The event data 

are sent to a single remote-server. Server-side modules integrate received data before 

performing analytics tasks. These tasks can be processed either in batches or on a real-time 

basis. The results could be retrieved by both a server-side visualisation dashboard and an in-

game feedback module. Furthermore, personalisation and adaptive modules in individual SGA 

merge and analyse both real-time traces recorded by the event tracker and the user profiles 

from the server to produce possible adaptive responses to learning activities.  

The comparison of user profiles in near-real time gives teachers and learning designers 

the opportunity to adapt on an individual basis the game assignments within the ongoing game 

session. In addition, an analysis that compares data among all learners enables teachers and 

researchers to monitor the performance of the entire cadre at one glance. This information about 

this “class” is valuable for the designers and developers when accessing the adequacy of the 

game tasks as appropriate to the users’ cognitive abilities. Hence a comprehensive SGA system 

should provide the functionality to integrate individual SGAs within different serious games. 

In summary, based on the literature review and requirement analysis, we developed a 

framework for serious games analytics specialised for people with intellectual disabilities 

(SGAPID) as shown in Figure V-4. The framework outlines the fundamental components of 

SGAPID and the relationships between them.  

Figure V-3: Integrated Serious Game Analytics 
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5.2.4.1. Learner Profiling 

The main purpose of the learner profiling module is to align each learner’s accessibility 

requirements and affordances. This module is important to establish an explicit relationship 

between the learner and the learning environment. Learner profiles enable dynamic adaptation 

of gameplay settings. Regarding the application of this framework in designing an SGA system, 

understanding the existing needs-affordances alignment can support the identification of 

evaluation metrics. Furthermore, analysing the needs-affordances of the serious game can lead 

to the design of new affordances by serious game analytics to enhance the gaming environment.  

Regarding the actual learner profiling module in an SGA system, the learner profile 

needs to be constructed before gameplay to enable suitable settings with direct or indirect 

affordances. The dynamic parameters within learner profile are updated through gameplay to 

reflect the learner’s performance. 

Figure V-4: A Holistic Framework of Serious Game Analytics for People with 

Intellectual Disabilities (SGAPID) 
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5.2.4.2. Learning Adaptation 

Serious games represent adaptive learning environments as they continuously respond to the 

learners’ actions in playing and learning. Adaptation refers to the quality of being able to 

respond to stimulus. Meanwhile, we define learning adaptation as the capability to provide 

dynamic responses to learning activities and the environment in which learning occurs. The 

learning adaptation loop consists of four fundamental elements which are namely data sensors, 

control processes, effectors, and responders. Figure V-5 shows the learning adaptation loop and 

its components. 

Data sensors identify and record real-time events emitted by learners in the learning 

environment. The data input acts as a triggering signal and the signal information is sent 

through control processes, which are moderated by the effectors. The control processes 

aggregate and transform data into useful information metrics whereas the effectors are the 

profiles of each learner and their individual learning process. After processing, the system 

reacts to the gaming environment with adaptive responses conducted by a responder. The 

responder includes the adaptive modifier, acting module, and recommender. The adaptive 

modifier comprises algorithms that can adjust the gaming environment and elements according 

to user activity. The acting module executes responses such as prompts to the learner. Lastly, 

the recommender provides potentially useful recommendations to the learner. 

Data Sensors 

Control Processes 

• Pattern Matching 

• Plan Element 

Selection 

• Machine Learning 

Algorithms 

Responder 

• Adaptive 

Modifier 

• Acting Module 

• Recommender 

Learning Profile Learner Profile 

Serious Gaming 

Environment 

Figure V-5: Learning Adaptation Module 
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5.2.4.3. Learning Evaluation 

Information about the interactions between learner and learning environment can be analysed 

to evaluate learning as well as learning support by the system. The evaluation can refer to either 

real-time analytics or batched aggregation. Learners desire to have real-time feedback on their 

learning, because through feedback they can self-regulate their learning behaviour and engage 

in deep learning (Zimmerman & Schunk, 2011). Feedback in real-time or near real-time can 

also help the learner to reflect on their actions. On the other hand, batched analytics can offer 

information with much higher aggregation. The highly aggregated information provides the 

learner and other stakeholders a broader view of learning progress through different gameplay 

sessions. These analyses can also collect and aggregate data from different gaming 

environments to provide a comprehensive evaluation of learning – a meta model. 

5.2.4.4. A Logical Architecture of Serious Game Analytics based on SGAPID 

Based on the SGAPID framework, Figure V-6 demonstrates a logical architecture of serious 

game analytics. This architecture seeks to aid software developers in developing learning 

analytics for serious games. Although the components are identical to those described in the 

SGAPID framework, the logical architecture, from a technical perspective, describes the 

interrelationships between components based on the data flow. Furthermore, the shared 

databases could be used for storing data from multiple modules of the system. 
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Figure V-6: Logical Architecture of Learning Analytics for Serious Games 
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5.2.5. Application of SGAPID 

5.2.5.1. Four-step Application SGAPID 

SGAPID can be applied in designing a learning analytics system for both new serious games 

and existing serious games. In the Game Design phase, the framework provides guidance for 

developers and educators to integrate learning analytics in game mechanics. On the other hand, 

developers and educators may also follow SGAPID to design learning analytics as an add-on 

for an existing serious game. This section demonstrates a step-by-step application of SGAPID 

in designing a learning analytics system for a serious game. 

Step 1: Defining categories of supporting user profiles and potential affordance by 

serious game analytics by aligning user needs and functional affordances. The categorisation 

of learners with similar disabilities can form a better understanding of important metrics and 

outline potential enhancements by SGA. A learner may however belong to more than a single 

group of users. In this case, the learner can access all technology affordances of those groups. 

Serious game analytics can provide additional affordances or enhance existing affordances of 

a game to serve learner needs, and it is important to note down potential affordances.  

Step 2 – Defining adaptive loops: Adaptive loops are defined for developing the 

learning adaptation module. Unlike original serious game analytics, SGAPID need to consider 

information about the learner accessibility in the design of adaptive loops. Unlike original 

serious game analytics, the stimulus events are mapped with the user profile and the control 

processes need to consider the leaner’s accessibility requirements. 

Step 3 – Planning batched and real-time analytics tasks: In this step, the specification 

of metrics and analytic type is planned for the development of analytics tasks. Furthermore, 

designers also need to outline the expected outcomes that can be used to evaluate the learning 

process.  

Step 4 – Identifying potentially useful technologies for each logical component: 

designers can follow the logical architecture presented in this paper to identify potentially 

useful technologies for the development of SGAPID. 

5.2.5.2. An example of the application of SGAPID 

By way of illustration, we applied the above four steps to investigate how SGAPID can support 

the design of serious game analytics for “3D Work Tour” by Lanyi and Brown (2010). The 

serious game was randomly selected from published papers about the design of serious games 

for people with intellectual disabilities. 3D Work Tour was developed using the Half Life 2 



 

 

 

Learning Analytics Information Systems for Higher Education 

 

 

P a g e | 107 Conceptual Frameworks for Learning Analytics 

engine. This game creates a virtual reality (VR) environment that simulates the first days at a 

workplace. The learner will experience different work-based scenarios by navigating between 

scenes and interacting with the avatars in the VR environment. Table V-3 demonstrates an 

example of the application of SGAPID in supporting the design of serious game analytics for 

“3D Work Tour”. 

Table V-3 – An example of applying SGAPID to analyse 3D Work Tour 

Step 1: Defining categories of supporting user profiles by aligning user needs and 

functional affordances 

Learner 

groups 

Learner’s accessibility 

requirements 
Technology affordances 

Learning 

disability 

Minimised cognitive 

load while navigating in 

the software 

Direct affordance: The user interface is very 

simple and very clearly organised. 

Simple navigation, 

graphics for navigation 

whenever possible 

Indirect affordance: Ability to navigate through 

themes easily with a simple list. 

Sensory 

processing 

disorder 

(SPD) 

Avoiding animated 

graphics and the use of 

overlay windows. 

Indirect affordance: The software does not have 

any complex animated graphics or overlay 

windows. 

Careful use of 

animations and 

dynamic display 

No affordance: The software does not use 

animations or dynamic display 

Potential affordance by serious game analytics in relation to learner needs 

Learner 

Needs 
SGA Application Technology Affordances 

1. Careful use of 

animations and 

dynamic display 

Individualize 

Learning 

Direct affordance: Ability to provide a dynamic 

display to the learner based on their profiles. Each 

group of learners may be able to watch a different 

display. Moreover, the display can be adjusted to an 

alternative when the learner experiences difficulties, 

e.g., recommendations provided based on user 

actions.  

2. Simple 

navigation, 

graphics for 

navigation 

whenever possible 

Access 

Learning 

Behaviour 

Indirect affordance: Information visualisation of 

navigating activities during different sessions may 

support the learner to navigate to missing content in 

later sessions. 

Step 2: An adaptive loop in learning adaptation to address the first potential affordance. 

Stimulus (Sensor) 
Control 

Processes 
Adaptive Responses 

Interactive actions 

on objects/avatars. 

Cluster 

Matching 

 Recommending essential interactions in the active 

scenario. The recommendations are computed after 

considering the data about the learner’s accessibility 

needs and other requirements. 
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Step 3: Planning batched and real-time analytics tasks. 

Metrics Type Outcome 

Timestamp of 

beginning and end 

of the game 

session. 

Real-time 

Total time of gameplay per user learning outcome: 

Tracking this trace through a game session gives an 

overview of the evolution of the learning process of 

each user. 

Sequences of 

navigating between 

scenes  

Real-time 

Visualisation of navigation path. The visualisation 

reflects learner preferences and learning styles, i.e., 

linear or global learner  

Navigation 

frequency and time 

stamp of accessing 

each learning 

objectives and 

scenes. 

Real-time or 

Batched run 

Notification about themes lacking attention. The 

notification helps the learner to revise missing parts 

of knowledge. Furthermore, this information among 

learners may inform learning designers about 

learning engagement for evaluating the designed 

activities/scenarios. 

Step 4: Mapping technologies into logical components. 

Logical 

Components 
Potentially Useful Technologies 

User Profiling 
Custom forms for demographics; Ontology JSON-LD for mapping needs 

and affordances 

Learning 

Adaptation 

Sensors 

JavaScript module for recording mouse and 

keyboard activities; Log recorder (including 

timestamps) for state changes. 

Control processes 
Heterogeneous Value Difference Metric (HVDM) 

and Naive Bayes Classifier (NBC)  

Responder Custom scripts 

Learning 

Evaluation 

Real-time analysis ElasticSearch; LogStack 

Batched analysis Hadoop; Luigi Tasks 

Reporting module Kibana 

Shared 

Databases 

Profiles database MySQL Server 

Event database MongoDB 

There are a wide variety of intellectual disabilities which can involve difficulty 

communicating, memorising learning and problem-solving. As 3D World Tour is a single-

player exploration game, the common disabilities hindering learner performance are 

determined as those related to learning and retaining information. In particular, the categories 

of supporting user profiles are defined as a learning disability and sensory processing disorder 

(SPD). The existing affordances are aligned with learner accessibility and other requirements 

so that developers and educators can note potential affordances that can be supported by serious 

game analytics. To address the potential affordances related to learner needs, designers and 

developers can create either a learning adaptation or evaluation module. Consequently, the 

second step is to define adaptive loops for learning adaptation whereas the third step focuses 

on the metrics and analytics for learning evaluation. The analytic tasks are designed in this step 
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with the collaboration of educators and developers. From a user-centred perspective, educators 

request useful insights or desirable feature. The information and functionalities are evaluated 

by developers from a technological perspective, and they outline useful input metrics and 

analytical methods. Finally, mapping technologies into logical components offers educational 

developers a technical overview of the to-be-built learning analytics system. 

5.2.6. Discussion and Conclusion 

Learning analytics provides a range of new research opportunities to leverage our growing 

understanding of game design for the benefit of millions of disabled people (World Health 

Organisation, 2014). We share the vision that Serious Games Analytics for People with 

Intellectual Disabilities (SGAPID) will not only provide insights about how learners are 

performing within the gaming environment, but also offer real-time, adaptive responses to 

enhance their learning experience. The conceptual research in this paper led us to propose a 

holistic framework and logical architecture of serious game analytics for people with 

intellectual disabilities. The framework outlines the key logical components categorised into 

three main features of SGAPID: 1) learner profiling, 2) learning adaptation and 3) learning 

evaluation. This framework can serve as a design tool for creating an inclusive learning 

environment in which each learner’s needs are addressed. This tool will also help educational 

technologists, and researchers better focus on the user needs as they design-in analytics 

opportunities. Furthermore, we propose that SGA design must set as a priority evaluating the 

existing reciprocal relationship between learner needs and accessibility afforded by the gaming 

environment. The four steps of application of SGAPID can guide designers and developers to 

create and evaluate user-centred learning analytics for serious games. Designers can identify 

what technological affordances may need to be enhanced or added to serious game analytics. 

Future efforts might be directed to the development of serious games analytics for people with 

intellectual disabilities by applying the SGAPID framework. In addition, more conceptual and 

empirical work should be conducted to improve the framework and consider the feedback loops 

between serious game analytics and different stakeholders including learning designers, game 

developers, and learners. 

Although the SGAPID framework would be widely applied for developing serious 

game analytics for people with intellectual disabilities to ehance learning, learning analytics 

has raised privacy management issues and ethical concerns (Pardo & Siemens, 2014; Slade & 

Prinsloo, 2013). This is particularly important in the case of people with intellectual disabilities 

who require specially designed informed consents. For instance, informed consent should 
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consider difficulties faced by people with intellectual disabilities, such as limited abstraction 

skills, and difficulty following long and run-on sentences. Considerably more work will need 

to be done to determine the appropriate approaches of presenting information on the consent 

forms to people with intellectual disabilities. Moreover, in some cases, students with 

intellectual disabilities may not fully understand the ethical issues in order to give appropriate 

“informed consent” without the assistance of their parents or other supporters. Given these 

scenarios, future research should also investigate adequate assistance to provide people with 

intellectual disabilities for an appropriate informed consent. Lastly, in recommending the 

framework presented in this paper, it is with the hope that it will prove its usefulness and 

stimulate improvements. One is hopeful, given the potential of learning analytics to improve 

learning and teaching, the ethical issues will be resolved.  

5.2.7. Statements on Open Data, Ethics, and Conflict of Interest 

5.2.7.1. Statement on open data 

This requirement is not applicable because we are not reporting an empirical study. 

5.2.7.2. Statement on ethics 

This requirement is not applicable because we are not reporting an empirical study.  

5.2.7.3. Statement on potential conflict of interest 

All authors have NO affiliations with or involvement in any organisation with any interest in 

the subject matter or materials discussed in this manuscript. The educational technology that 

was used for illustrative purposes—3D Work Tour—was selected randomly: its design was 

published in a conference proceeding.  
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Chapter VI: DESIGN, DEVELOPMENT, AND 

IMPLEMENTATION OF LEARNING ANALYTICS 

INFORMATION SYSTEMS 

This chapter includes Article VI that creates, demonstrates and evaluates a set of design 

principles for a class of information systems (IS) that utilises learning analytics in higher 

education. In addition, the chapter depicts the development and implementation of a fully 

functioning learning analytics information systems (LAIS) as an instantiation of the system 

class. 
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6.1. Design Principles for Learning Analytics 

Information Systems in Higher Education (Article VI) 

This paper reports a design science research (DSR) study that develops, demonstrates and 

evaluates a set of design principles for information systems (IS) that utilise learning analytics 

to support learning and teaching in higher education. The initial set of design principles is 

created from theory-inspired conceptualisation based on the literature, and they are evaluated 

and revised through a DSR process of demonstration and evaluation. We evaluated the 

developed artefact in four courses with a total enrolment of 1,173 students. The developed 

design principles for learning analytics IS establish a foundation for further development and 

implementation of learning analytics to support learning and teaching in higher education.  

6.1.1. Introduction 

Information systems (IS) have been a powerful tool supporting and transforming education to 

meet the increasing demands of society (Leidner & Jarvenpaa, 1995). Institutions have applied 

IS to assist different educational stakeholders, such as students, teachers and institutional 

administrators, in learning and teaching activities, administrative tasks and decision-making 

(Goldstein & Katz, 2005; Leidner & Jarvenpaa, 1995). IS have also become an inseparable part 

of modern education. In the context of higher education, IS enhance learning and teaching by 

allowing for distance and self-paced learning, data-driven instruction and automation of 

pedagogic activities. This paper investigates how a specific genre of IS should be designed for 

learning analytics (LA), an educational technology that is becoming increasingly popular in 

higher education. 

The recent advances in big data technologies have enabled automatic capture, storage 

and analysis of a massive amount of educational data. By applying data analytics, we can now 

accurately report on students’ interactions with online resources. The applications of these 

technologies in education led to the emergence of the term ‘LA’. In previous studies on learning 

analytics, different practical implications were identified to be related to user behaviour and 

engagement modeling, predictive analysis, personalisation and adaptive learning (Krumm et 

al., 2014; Nguyen et al., 2017). Nevertheless, the design and implementation of data analytics 

in education involve complex processes, and the widespread adoption of learning analytics will 

require sustained efforts (Chatti et al., 2014; Daniel, 2015). 
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In this paper, we respond to recent calls to consider how LA should be applied to 

support learning and teaching activities in higher education (Daniel, 2017; J. Zhang et al., 

2018). Rather than examining ad-hoc or one-off applications of LA, this study seeks to 

establish a set of design principles that guide the development and implementation of learning 

analytics information systems (LAIS). The research question for this study is as follows: How 

to design underlying information systems that support Learning Analytics in higher education? 

To address the research question, this study employed a design science research 

methodology (Peffers et al., 2007) to develop and evaluate a set of design principles for LAIS 

as a type of IS applied in the field of education. The design principles are prescriptive 

statements that constitute the basis of design actions (Baskerville & Pries-Heje, 2010; 

Chatterjee, Xiao, Elbanna, & Sarker, 2017). In this study, we conceptualised an initial set of 

design principles grounded in the literature and then revised these via demonstration and 

evaluation of an operational prototype. The conceptualisation of our design principles was both 

action and materiality oriented (Chandra, Seidel, & Gregor, 2015). We sought to prescribe what 

an artefact should allow users to do and what it should comprise. Furthermore, we developed 

and demonstrated a fully functioning prototype as a design instantiation of LAIS that illustrates 

the established design principles. Prior research has recognised the role of an instantiation of 

an IS design theory as an expository or representational tool that are embodied within it (Gregor 

& Jones, 2007). Accordingly, we revised the principles through the development process of the 

system instance, its demonstration and evaluation. Design science researchers can match our 

design principles with a particular application scenario and translate them into specific design 

requirements for LAIS (Chandra Kruse, Seidel, & Purao, 2016). 

The following section reviews the literature on LA and the design, development and 

implementation of LAIS in higher education. Then, we conceptualise and formulate the initial 

design principles. The design principles were applied to a LAIS architecture. Thereafter, we 

demonstrate the proposed design principles through an operational LAIS prototype. Later, for 

evaluation, we used the artefact in four undergraduate courses with a total of 1,173 students. In 

the evaluation, we initially inspected server log data to assess the utility and efficacy of the 

artefact. We also conducted lecturer interviews and a student survey for further evaluation. 

After presenting the DSR process, we discuss the implications of our study, and we conclude 

by discussing its limitations and future research directions. 
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6.1.2. Theoretical Foundations 

6.1.2.1. Learning analytics: Opportunities and challenges 

Over the past decade, rapid developments in the field of big data and analytics have offered 

opportunities to discover useful insights from massive volumes of educational data (Baker & 

Inventado, 2014; Ifenthaler, Gibson, & Dobozy, 2018). Some research has reviewed and 

analysed the features and applicability of data analytics to support learning and teaching 

(Arnold & Pistilli, 2012; Nguyen et al., 2017, 2018b; Nistor & Hernández-Garcíac, 2018). For 

instance, Arnold and Pistilli (2012) demonstrate the application of data analytics for improving 

students’ success by reporting real-time feedback to students. As noted, these attempts to apply 

data analytics in education have emerged as a new discipline called LA. 

In general, LA refers to the application of data analytics methods and techniques in 

learning and teaching. The widely adopted definition of LA is “the measurement, collection, 

analysis, and reporting of data about learners and their contexts, for purposes of understanding 

and optimizing learning and the environments in which it occurs” (Siemens, 2013). In other 

words, the aim of LA is to process educational data to offer meaningful information related to 

learner profiles, learning materials and the learning context. It can perform descriptive 

modelling and predict learning constructs on a scheduled or real-time basis. 

LA offers remarkable benefits to different educational stakeholders, including lecturers 

and students. For instance, it can provide updated information about learning activities and 

student engagement, which could be used to construct a model of successful student behaviours 

(Nistor & Hernández-Garcíac, 2018; Siemens & Long, 2011). Instructors could use this model 

to revise learning activities and remove those that are unrelated to the course objectives.  

Greller and Drachsler (2012) propose that LA can inform teachers about gaps in the 

knowledge presented by students. Thus, it can help academic stakeholders, including students 

and teachers, better understand learning needs and performance, and based on the gaps, 

teachers can consider various forms of remediation for individuals or specific groups of 

students. For instance, they can provide students with additional resources and exercises 

regarding particular information to improve students’ understanding of essential learning 

content.  

Although the literature has shown that LA has a promising impact on learning and 

teaching, the implementation of LA in practice has faced several challenges (Daniel, 2015; 

Peña-Ayala, 2018). For instance, most of the data generated and stored in institutional IS are 

interoperable, but it is difficult to integrate data from disparate sources without data loss 
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(Daniel, 2015, 2017). Moreover, as LA is an interdisciplinary area of research, there is still a 

divide between those who understand the methods and techniques of data analytics and those 

who know how data analytics can be used to produce useful outcomes (Daniel, 2015). 

6.1.2.2. Development and implementation of learning analytics information systems  

A considerable amount of literature has been published on the use of LA as a method to gain 

insights into learners and their learning (Greller & Drachsler, 2012; Peña-Ayala, 2018; Saarela 

& Kärkkäinen, 2017). Although these studies have extended the understanding in the domain 

of education, ad-hoc analyses were most common, and they were usually conducted to answer 

a specific research question, not gain information that could be used for widespread application.  

Other studies have proposed a variety of LAIS for practical implementation (Bodily, 

Ikahihifo, Mackley, & Graham, 2018; Leony et al., 2012; Ruiz, Díaz, & Ruipérez-Valiente, 

2014; Siemens et al., 2014). For instance, Leony et al. (2012) presented a web-based 

visualisation platform called GLASS (Gradient’s Learning Analytics System). This system 

offers a simple workflow to visually present information related to students and their learning 

process in the form of widgets on a canvas on a visualisation dashboard. Another example is 

Gavriushenko, Saarela, and Kärkkäinen's (2017) system architecture towards the development 

of an automated system for the academic advising process. This system architecture allows for 

determining the study profiles and recommending the proper study path to the learners.  

While some prior studies propose that LAIS are an extension of existing educational IS 

(Ruipérez-Valiente et al., 2015), other research describes them as distinct, standalone systems 

(Bodily et al., 2018; Dyckhoff, Zielke, Bültmann, Chatti, & Schroeder, 2012; Siemens et al., 

2014). We argue that standalone LAIS better address the challenges related to data integration. 

Most studies in the field of LA have developed and implemented LA for a specific 

application. To our knowledge, no studies have synthesised and conceptualised design 

principles for LAIS. This study seeks to fill this gap in the literature. The research process 

involves iteration of three research activities: 1) formulation of design principles, 2) design and 

development and 3) demonstration and evaluation. 

6.1.3. Design Principles for Learning Analytics Information Systems 

The formulation of design principles for LAIS was informed by the literature on LA (Greller 

& Drachsler, 2012; Nguyen et al., 2017) and LA processes (Ifenthaler & Widanapathirana, 

2014; Siemens, 2013). We constructed the following five design principles: 
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DP1. Principle of actionable reporting: LAIS should have features that allow for the 

reporting of actionable information about learners and their learning.  

The first principle reflects the main purpose of LAIS: to provide insightful information 

that can support users in decision-making associated with learning and teaching activities 

(Ifenthaler et al., 2018; Mangaroska & Giannakos, 2017). To perform scheduled or real-time 

modelling and predict learning, LAIS collect static and dynamic data about learner profiles, 

learning content and the learning context (Greller & Drachsler, 2012; Nguyen et al., 2018b). In 

this way, LAIS can provide composite multilevel metrics that provide teachers with insights 

into learners and their learning behaviour and help them plan learning activities accordingly. 

In addition, it facilitates evaluation of learning design with real-time and predicted information 

(Bakharia et al., 2016; Persico & Pozzi, 2015).  

DP2. Principle of information timeliness: LAIS should generate reports in a timely 

manner. 

Fresh information is needed for appropriate decision-making in dynamic contexts in 

which data change over time and information needs to be frequently updated (Ifenthaler et al., 

2018). As a result, LAIS should deliver reports in a timely manner to support end-users 

effectively.  

DP3. Principle of learnability: LAIS should be easy to learn and use. 

The learnability of an IS refers to the ease with which the information system can be 

understood and utilised. This is a critical factor determining the success or failure of an IS 

(Fisher, 1999; Shackel, 1991). Therefore, when developing LAIS, one should consider their 

learnability to ensure the success of the system from a user perspective (Chaurasia et al., 2018; 

Leony et al., 2012). 

DP4. Principle of availability: LAIS should be available and accessible to both data 

subjects and data clients at any time. 

LAIS should be available and accessible to both data clients and data subjects at any 

time, as server shutdowns may discourage users from using the system and affect their tasks. 

LAIS should also respond to users when they request expanded exploration of the data in real 

time or almost real time (Ifenthaler et al., 2018; Nguyen et al., 2017). 
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DP5: Principle of interoperability: LAIS should be able to interoperate with any 

learning and teaching system, including virtual learning environments (VLEs), and allow 

the integration of different data sources. 

This principle addresses the challenge of data integration when developing and 

implementing LAIS (Chatti et al., 2012; Daniel, 2015). Continuous data integration enables 

one to capture and load data with different schemas from multiple sources to generate 

meaningful information. As a result, LAIS should have a mechanism to collect and integrate 

data from different system environments (Chatti et al., 2014; Siemens, 2013). 

6.1.4. Learning Analytics Information Systems Architecture 

Based on the design principles, a LAIS architecture was designed using a service-oriented 

architecture (SOA) approach, which is popular in system design because of its high flexibility 

and extensibility. An SOA system consists of multiple discrete components with a set of defined 

functionalities, and each unit can operate and be updated independently.  

We designed a LAIS architecture as an overall infrastructure for a group of LA services 

that support learning and teaching activities. Each LA service was designed and developed 

based on learning theories related to specific pedagogic activities (see DP1). The SOA 

approach allows for parallel or even collaborative operation of different LA services to support 

different phases of learning and teaching processes. In addition, it features rapid extensibility 

and reusability.  

Figure VI-1 shows a proposed LAIS architecture that allows for real-time interactions 

between learning and teaching systems and LA services.  
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Figure VI-1: Learning analytics information system (LAIS) architecture 
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Learning and teaching systems support authoring, content delivery, learning design and 

learning processes. A typical example is a learning management system, which is intended for 

course delivery and administration. However, learning and teaching systems can also include 

authoring systems, communication systems and learning design tools. Both static and dynamic 

data are collected for analytical processes. A batch extract-transform-load (ETL) module 

collects and transforms static data that do not change over time, such as data from the enrolment 

system concerning learners’ backgrounds and course information from the learning 

management system.  

The event transformation service module uses dynamic events from logging services 

and event trackers via event adapters as inputs. It normalises events from multiple sources and 

records them in an intermediate database. A real-time data cache can be retrieved by LA 

services for further analytics processing (see DP2). The outcomes of LA are delivered to end-

users by reporting and response services. The user can also directly query LA data from the 

databases via a data application programming interface (API) such as the Experience API 

(xAPI). APIs are a set of subroutine definitions and communication protocols, and the xAPI is 

a new specification for learning technology that enables the collection of data about a wide 

range of experiences a learner has within online and offline learning environments. Only 

authorised parties have access to this data. The UI supports interactions between the end-users 

and the system (see DP3). 

The LAIS architecture allows for parallel development and simultaneous 

implementation of different LA while maintaining comprehensive interoperability between 

services (see DP4) and different educational IS (see DP5). It also enables accelerated LA 

development informed by the needs of learning and teaching. Furthermore, evaluation of LA 

services based on pedagogic outcomes provides useful feedback for the development and 

implementation of future LA services. 

We defined the main LA services and their functionalities based on learning 

management questions (Wiggins & McTighe, 2005) and the main applications of LA 

(Ifenthaler & Widanapathirana, 2014; Nguyen et al., 2017, 2018b). Table VI-1 shows these 

services in relation to the questions. Each LA service interacts with other systems or services 

via four groups of parameters: events, metrics, situations and actions. Figure VI-2 shows an 

abstraction of these interactions. 
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Table VI-1: The functionality of learning analytics (LA) services 

LD Phase Learning Management Question LA Service 

1.  Profiling What does the learner already 

know? 

Learner Profiling:  

• Prior knowledge sets 

• Personal aspirations 

• Preferred learning styles 

Prediction:  

• Performance 

Where does the learner need and 

want to be? 

How does learner best learn? 

2. Strategising and 

Delivery 

What resources do I have at my 

disposal? 

Decision Making: 

• Appropriate 

instructional resources 

and/or strategies  

Prediction: 

• Scenario planning 

What will constitute the learning 

journey, and therefore, what is the 

best context for the learning? 

Who will do what? 

3. Ascertainment 

and Reporting 

How will I check whether the 

learner has achieved the learning 

outcomes? 

Situation Detection: 

• Notification of at-risk 

situations 

Evaluation: 

• Information on learning 

engagement 

Decision Making: 

• Recommended 

interventions 

How will I inform the learner and 

others about the learner’s progress? 
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Figure VI-2: Key learning analytics (LA) services  
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6.1.5. Demonstration and Evaluation of the Design Principles for Learning 

Analytics Information Systems 

Next, we demonstrate how we applied the design principles described above to develop a LAIS 

prototype in the context of higher education. Furthermore, we present a formal evaluation of 

the proposed design principles, and we discuss how this evaluation validates the use of the 

design principles and facilitates revision of them. 

Evaluation of the DSR methodology comprises two main sub-activities: demonstration 

and evaluation (Peffers et al., 2007; Tuunanen & Peffers, 2018). Demonstration indicates the 

ability of the artefacts to solve the identified research problems (Venable, Pries-Heje, & 

Baskerville, 2012). In other words, it is a proof-of-concept evaluation that seeks to demonstrate 

that the artefact is viable for fulfilling its design purpose in a particular context. Evaluation 

aims to formally validate the effectiveness of the research artefacts for addressing the problem 

(Peffers et al., 2007). 

In this study, we demonstrate and validate the utility of LAIS design principles through 

operational LAIS prototyping (Basili, Boehm, Rombach, & Zelkowitz, 2005; Davis, 1992). 

The principles were then evaluated by qualitative assessment involving observation, participant 

feedback and semi-structured interviews (Tremblay, Hevner, & Berndt, 2010; Tuunanen & 

Peffers, 2018). We adopt the evaluation criteria suggested by Venable et al. (2012): 

• Evaluate the artefact to establish its utility and efficacy for achieving its stated purpose. 

• Evaluate the artefact to identify weaknesses and areas of improvement. 

• Evaluate the artefact to identify side effects or undesirable consequences of its use. 

6.1.5.1. Demonstration of an operational learning analytics information system prototype 

The demonstration phase of the study was conducted at University A in New Zealand in the 

second semester of 2016. The semester started at the beginning of March and ended in early 

July. The phase involved three operations management courses: two stage-II undergraduate 

courses (79 and 58 students) and one postgraduate course (14 students). Among the 

undergraduate students, 24 were taking both courses. In total, there were 127 potential data 

subjects. The courses ran for twelve weeks, and the final exam period occurred after the twelfth 

week. All the courses applied a blended learning approach, combining online teaching and 

learning materials with traditional classroom methods (i.e., face-to-face lectures were 

incorporated with computer-mediated activities for content delivery) (Porter, Graham, Spring, 
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& Welch, 2014). In this case, a lecture theatre recording (LTR) service was used in the courses 

to allow students to take control over the time, place, path and pace of their learning. 

We applied the operational prototyping approach to demonstrate the use of LAIS design 

principles in the context of higher education. Operational prototyping (Davis, 1992; Tuunanen, 

Peffers, & Gengler, 2008) has been a popular approach to demonstrate the use of a system 

design in the process of IS development (Davis, Dieste, Hickey, Juristo, & Moreno, 2006; 

Flink, 2014). A prototype is a partial implementation of an IS intended to validate its utility as 

a solution to the identified problem as well as learn about potential issues with the design. 

Creation of prototypes has been a standard practice in IS development for many decades 

(Beynon-Davies, 1998; Davis, 1992; Davis et al., 2006).  

Operational prototyping integrates the two traditional approaches: throwaway 

prototyping and evolutionary prototyping (Davis, 1992). A throwaway prototype is built as fast 

as possible to verify poorly understood requirements and then is discarded, whereas an 

evolutionary prototype is constructed with well-understood parts to discover unknown 

requirements and then evolve the design. Throwaway prototyping is ineffective due to the lack 

of understanding about critical requirements, and evolutionary prototyping tends to be 

ineffective because it does not produce information about poorly understood requirements 

(Davis, 1992; Davis et al., 2006). Operational prototyping balances these limitations and 

enables comprehensive demonstration by building throwaway prototypes on top of evaluation 

prototypes. 

a) Operational prototype of a learning analytics information system 

We sought to develop and demonstrate an operational LAIS prototype based on the set of 

design principles described above. During a departmental meeting at University A, we 

conducted a presentation on how LA can be applied to support teachers in learning and teaching 

and introduced our research project. Some lecturers expressed interest in testing the prototype. 

With these lecturers, we discussed constructing a theory-based objective for LAIS prototyping.  

As a proof of concept, the LAIS architecture and design principles were implemented 

to support teachers in evaluating students’ engagement with LTR, an expected service in 

blended classes using a lecture-based instructional approach. This information allows lecturers 

to evaluate in-class activities and ensure that their design engages not only the students that 

were present at the lecture but also the students who use the recordings.  

Previous research suggests that students’ engagement with learning has a significant 

impact on their performance (Carini, Kuh, & Klein, 2006; Kahu, 2013). By frequently 
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monitoring student engagement with a course, a lecturer could perform necessary interventions 

and provide additional support to certain students in a timely manner. This could moderate and 

improve student engagement and, in turn, improve learning and achievement (Klem & Connell, 

2004). There is evidence showing that using LTR as a supplement when developing a 

knowledge base significantly improves learning performance (Bos, Groeneveld, van Bruggen, 

& Brand-Gruwel, 2016). Using observations of in-class attendance as a complement to 

information about students’ interactions with LTR would provide lecturers a more complete 

picture of students’ engagement with lectures. Accordingly, we identified relevant events, 

metrics, and the potential use of LTR for operational prototyping (Table VI-2). 

An operational prototype was built based on the Open edX platform (“Open edX,” 

2017). Among several learning analytics platforms, Open edX was selected because it appeared 

to meet our requirements. The prototype captures defined events and metrics to provide 

analytical reports of students’ engagement with LTR. 

To ensure that they include actionable information about learners and their learning (see 

DP1), the reports were designed to take into account potential pedagogical actions. A report 

was sent to the lecturers each week via email (see DP2). The report included multiple graph 

visualisations with a user-friendly design (see DP3). Figure VI-3 shows an example of the 

graphs.  

Table VI-2: Design of the learning analytics information system prototype 

Data Captured Reported Information 

Events: 

• load_video 

• play_video 

• pause_video  

• seek_video 

• speed_change_video 

• stop_video. 

Metrics: 

• Course information 

• Video metadata 

(e.g., title, 

length, ...) 

Metrics: 

• Number of active students in each week 

• Average video views each week 

• Number of students who watched a particular video 

(unique viewers) 

• Number of replays at any point in the video (replayed 

segments) 

Potential Use: 

• To identify the parts that students most frequently skip 

or replay  

→ Adjustment of potentially problematic parts of the 

learning materials  

• To monitor students’ engagement with learning 

→ Early interventions if there is a lack of engagement 

→ Evaluation of the effectiveness of learning design 

improvements on subsequent student engagement 
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The graphs show the total number of views on a video and the points on the video 

timeline to which the views correspond (light blue area). Thus, they show which parts students 

skipped most frequently. For instance, most students skipped through the first minute of the 

video represented in Figure VI-3 after viewing a few seconds. This result could be explained 

by the fact that viewers usually ignore the introduction slide and jump to the main content. It 

is interesting to note that the number of views slightly decreased near the end of the video. This 

indicates that a proportion of students gave up on learning from the LTR while viewing it. 

These results can be used to objectively determine the optimum length of lectures and 

determine the interest in a particular lecture. 

The reports also provide information about segments that were replayed (dark blue 

area). This information may indicate potential cognitive difficulties concerning a specific part 

of the LTR, such as the peaks at the fifth and seventh minutes shown in Figure VI-3. 

Furthermore, several replayed segments in a lecture might suggest that students found the 

lecture to be difficult to understand, and the instructor might need to revise the content in later 

lectures or provide additional resources to improve students’ understanding. 

The LTR system is available for the students (data subjects) and teachers (data clients) 

to access at any time (see DP4). The information reported to lecturers is generated by analysing 

the data collected and integrated from several sources (see DP5). The system prototype tracks 

student inputs posted to the server and records them to the tracking logs. In particular, the 

system captures emitted events regarding students’ interactions with the video player while 

watching a recording. It also gathers static data from multiple databases. Course information is 

retrieved from the MongoDB course, and user details are collected from MySQL database in 

the learning management system. Then, the application passes all events and state data to the 

analytics pipeline for data analysis. 

Figure VI-3: An example of a graph reported to lecturers 
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b) Learnings from demonstration of the prototype: Utility and efficacy of the artefact 

The objective of the demonstration phase of the study was to evaluate the implementation of 

the LAIS to establish its utility and efficacy for achieving its stated purpose (Venable et al., 

2012). Next, we present how lecturers could use the LAIS prototype to support their teaching. 

By inspecting the parts that students most frequently skipped or replayed, the lecturers can 

identify potentially problematic parts of the learning materials and make appropriate 

adjustments, including revision of difficult content and inclusion of missing knowledge in the 

following lecture. Parts that were most commonly problematic featured poor audio quality and 

unclear explanation of concepts. In addition, inspection of the most frequently skipped parts 

indicated that some content was counterproductive and should be eliminated. To optimise the 

blended learning settings, the lecturers attempted to edit the original LTR to remove ineffectual 

fragments, reorganise the recordings into shorter videos and classify them into themes for better 

navigation and reduced cognitive workload. 

By regularly monitoring students’ engagement with learning, the lecturers can perform 

necessary interventions to counteract lack of engagement in a timely manner. For instance, 

lecturers may find that learning procrastination often occurs in the early weeks of the semester 

if they do not include any assessments. Although this behaviour can be expected, evidence can 

encourage lecturers to perform early interventions. Attempting to engage students in constant 

learning could improve students’ performance and enhance learning outcomes (Carini et al., 

2006; Kahu, 2013). Figure VI-4 illustrates an example of the LAIS reporting dashboard that 

indicates lack of engagement with LTR. 

The lecturers attempted to encourage students to engage with the lecture content early 

in the semester whenever they observed low engagement with recent recordings. Two lecturers 

introduced quizzes at the beginning of the following lecture to assess students’ knowledge and 

recall. 

The lecturers observed a high level of student engagement with activity-based learning 

(ABL) exercises, as shown in Figure VI-5. This finding aligns with previous education science 

Figure VI-4: The LAIS dashboard indicates a lack of engagement in a timely manner 
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literature that ABL exercises engage students better than other types of exercises and hence 

promote active learning and improve academic performance (Oigara et al., 2014; Roehl, 

Reddy, & Shannon, 2013). Consequently, the lecturers adjusted their syllabi to include ABL 

exercises. 

c) Learnings from demonstration of the prototype: Weaknesses and areas of improvement 

The lessons learned while developing and implementing an educational application provide 

insights and guidelines regarding the current understanding of specific educational 

technologies. Continuous evaluation and adaptation are important in software development to 

deliver better value to the end-users. In order to learn about possible weakness and areas of 

improvement (Venable et al., 2012), we performed qualitative assessments through observation 

and user feedback (Boudreau, Gefen, & Straub, 2001; Tremblay et al., 2010). We constantly 

communicated with two lecturers who used the LAIS prototype throughout the semester. 

Figure VI-5: The LAIS dashboard shows the most engaging activities 



 

 

 

Article VI 

 

 

P a g e | 128 Learning Analytics Information Systems for Higher Education  

Students gave feedback via email regarding any operational issues or failures. Furthermore, 

field notes gathered by the researchers were examined to identify observed problems and 

potential improvements. 

During the demonstration phase of the study, the two lecturers expressed interest in 

receiving information about students’ engagement with LTR via an analytics dashboard that 

they could access when needed. Many students demanded improvements in the ease of 

accessing the system. Issues regarding multiple logins were observed, and students asked for 

the opportunity to sign on to the learning platform, which was isolated from the university 

learning management system, a single time. These results indicate the need for a single sign-

on service (SSO) to eliminate the need to manage two different accounts.  

We revised the design principles to address the issues experienced in the demonstration 

phase of the study. We found that, together with system availability, users found the availability 

of reporting information useful. As a result, it is important to store learning analytics reports 

on the system so that the data clients (i.e., teachers) can access it when needed. We modified 

the principle of actionable reporting to include this property: 

DP4. Principle of availability: LAIS should be available and accessible to both data 

subjects and data clients at any time (DP4a). LA reports should be stored on the system 

and accessible to the data clients at their convenience (DP4b).      

Furthermore, we observed that integration of the LAIS into the existing IS infrastructure 

at the university may lead to issues or complications. When developing the LAIS, developers 

should consider and address these issues to optimise the utility of the system. We updated the 

fifth principle accordingly: 

DP5: Principle of interoperability: LAIS should be able to interoperate with any 

learning and teaching system, including VLEs, and allow for integration with different 

data sources (DP5a). LAIS should be integrated with or connected to the existing 

educational IS without resulting in any discernible issues or complications (DP5b). 

 The system prototype was revised and updated to embrace the new design principles. 

The analytics dashboard module was updated so that the lecturers could access the reported 

information at any time (DP4b). Moreover, an SSO was developed and implemented to allow 

for seamless integration with the existing learning management system (DP5b). 
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6.1.5.2. Evaluation of the learning analytics information system 

To formally evaluate the developed artefact, we adopted a subsequent case-study approach. 

This allowed us to examine the use of LAIS in the context of higher education, evaluate the 

artefact’s utility and efficacy for achieving its stated purpose and investigate possible side 

effects or undesirable consequences of its use (Venable et al., 2012). The case-study approach 

to conduct an evaluation has been widely used in design science research on IS (Boudreau et 

al., 2001; Hevner et al., 2004; Peffers et al., 2007). In this case study, we evaluated LAIS design 

principles and their implementation in a system via server log data, student surveys and semi-

structured interviews with the lecturers. 

At University A, the developed LAIS prototype was examined in four undergraduate 

courses with a total enrolment of 1,173 students. These courses included one large first-year 

course (n=966), and three second-year courses (n=207). The large first-year course is 

compulsory for all students aiming to obtain a Bachelor of Commerce (an undergraduate degree 

in business administration) from the university. The course introduces students to the field of 

IS and explores how IS and operations management help organisations to innovate, optimise 

and deliver value. Two of the second-year courses are mandatory for operations management 

majors, and one is an optional course on data management. 

a) Analysing server log data and student surveys: Utility and efficacy of the artefact 

We used server log data to evaluate the utility and efficacy of the LAIS for achieving 

its stated purpose. As the artefact was designed to provide actionable information that the 

lecturers could use to monitor students’ engagement and perform necessary interventions, we 

looked at students’ engagement with each LTR over time. Figure VI-6 illustrates the total 

number of interaction events performed by students for each LTR (marked with different 

colours) in the first half of the semester.  
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The analysis shows the effect of interventions on students’ engagement with a particular 

video. Since students mainly use LTR as an alternative to attending lectures in person 

(Williams, Birch, & Hancock, 2012), students’ engagement with an LTR is usually expected 

to peak on the day it is released or the following day. Nevertheless, learning procrastination 

often delays student engagement, making it necessary for the lecturer to intervene. By 

monitoring student engagement, the lecturer can perform any necessary interventions to 

increase student engagement early in the semester to reduce the effect of procrastination and 

enhance student learning. A drill-down analysis of LTRs that involved lecturer intervention 

validated the impact of the lecturer’s actions using the artefact.  

Figure VI-6: Total number of interaction events for each video in the large first-

year course over time 
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Figure VI-7 illustrates the change in the total number of interaction events with a 

particular LTR (LTR.A) over time since the day of its release. The students only performed 

153 interaction events with LTR.A on the day of release. The number of events increased to 

606 in the following two days before decreasing after that. The lecturer intervened to increase 

students’ engagement with LTR.A, increasing the total number of interaction events to 1,987. 

The more than 300% increase in the total number of interaction events demonstrates the effect 

of the lecturer’s pedagogic actions on engagement with this particular LTR. Thus, this 

observation analysis of server log data validates the ability of the LAIS to support teaching and 

enhance students’ engagement with learning.  

To further evaluate the artefact, we conducted a student survey. The survey was sent to 

students using the LAIS. The seven-point Likert scaled questions (see Appendix 1) were 

designed to collect information about the extent to which they support teachers’ use of LA (see 

DP1 and 2), their perceptions of the system’s quality and ease of use (see DP3, 4 and 5) as well 

as potential ethical issues and concerns they identified. 

The results support teachers’ use of LA. The students agreed that the educational IS 

should inform lecturers about students that are at risk of failing (87.3% of respondents), 

learning content that students appear to find difficult to understand (96.0%), the learning 

progress of each individual (81.0%) and the whole class (90.5%) and a visualisation of 

Figure VI-7: An example of the effect of the lecturer’s intervention 

on student engagement 
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individuals’ (78.6%) and the whole class’s (85.7%) learning activities. The results did not show 

any significant conflicts of interest regarding the principle of actionable reporting (DP1). They 

revealed that, from students’ perspective, educational IS should have LA capabilities to support 

learning and teaching. 

The survey reported positive results regarding students’ perception of the ease of use 

and system quality of the artefact. Most students found the system easy to use (89.2%) and its 

layout user-friendly (82.5%). This validated that the artefact was improved since the 

demonstration phase of the study and was seamlessly integrated into the current learning 

management system without causing significant difficulties to the students (see DP3, 4 and 5). 

This result indicates that our design principles are beneficial for designing LAIS and can satisfy 

the requirements of both lecturers and students. 

Last, a majority of students (78.1%) expressed concern about ethical issues regarding 

how the lecturers would use the information provided by LA. They were also concerned about 

the transparency of the process (82.5%), data security (73.7%) and data storage (82.5%). The 

findings not only validate the principle of availability (DP4) but also provide evidence 

supporting concepts concerning students’ perspective on ethical issues suggested in the 

literature (Pardo & Siemens, 2014; Slade & Prinsloo, 2013). 

To summarise, the results of the student survey validate our design principles from the 

student perspective. Our findings highlight the high demand for application of LA in 

educational IS to support learning and teaching. 

b) Interviews with the lecturers: Identifying side effects or undesirable consequences of using 

the artefact  

Semi-structured interviews were conducted with the four lecturers who used the system in their 

courses. The interview questions were developed based on the guidelines by Weiss (1995) and 

included questions related to usage of the reporting dashboard, perceived usefulness, 

difficulties and concerns. In accordance with the definition of semi-structured interviews, the 

interviewer asked open-ended questions and then followed the participants’ lead with follow‐

up questions so that they were given the opportunity to clarify or elaborate upon their answers 

until no additional information was discovered. During the interview, the interviewees were 

able to interact with the LA dashboard to demonstrate usage of the IS or illustrate their 

statements. The interviews were recorded on digital files and transcribed by the researchers. 

Each interview lasted between 25 and 60 minutes, and the total length of the transcript was 37 

pages. To analyse the data, we used thematic analysis, as described by Braun and Clarke (2006) 
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(see Appendix 2). For confidentiality, pseudonyms were used and identifying details were 

altered in the transcripts. In addition, some parts of the answers were omitted, as they were 

unrelated or extraneous. These omissions are denoted by ellipses in brackets. Our findings 

reveal two main themes within the interview data: perceived usability and usefulness and 

subjective interpretation of the reported information. 

The interviews explored the lecturers’ use of the LAIS and its perceived usefulness. All 

the lecturers reported that the LAIS was beneficial and supported them in monitoring students’ 

engagement with learning through the semester: 

 “It is useful to see how many students watched the lecture recordings” 

(Lecturer 4). 

“I was able to be alerted that a particular recording at a particular time has 

a lot of replays” (Lecturer 3). 

“So, it’s actually quite helpful to see at which moment when the peaks 

occurred. […], well, for short videos it’s very useful because I can just check 

a few peaks” (Lecturer 2). 

The LA information helped the lecturers identify potentially problematic parts of the 

lecture content. For instance, if students experienced difficulties due to poor sound quality and 

missed a piece of essential information, this would produce unusual activity at that point in the 

video, indicating to the lecturer that there is a problem. The lecturer could then revisit that piece 

of information in the following lecture.  

The lecturers also reported that being allowed to observe the content that is most often 

replayed by the students was useful: 

“[I]t’s potentially very useful. I think, for me, the usefulness is being in 

reinforcing that doing activities in class is worthwhile” (Lecturer 1). 

They commented that this insight would help their decision-making when designing the 

course for the following semester. In particular, the lecturers observed that students spent more 

time performing fill-in-the-blank exercises, in which students have to fill in missing words in 

a text, than engaging with the rest of the LTR. As a result, the lecturers aim to use these kinds 

of exercises to emphasise important knowledge in future courses.  
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Overall, the LAIS allowed lecturers to evaluate and analyse lecture content online via 

LTRs. The artefact provided the lecturers with information about the impact of the current 

lecture design, which will be useful for creating lecture content in the future. However, 

although the lecturers perceived the LA to be useful, they did report a lack of granularity 

regarding the visualisations of the aggregated analytics; the total number of replayed segments 

or completed viewing might not represent students’ actual engagement. For example, it is 

common for students to skip the title and copyright slides, which leads to a lower completion 

rate, even if students watch all of the body of the LTR. This negatively influenced the perceived 

usability and usefulness of the artefact: 

“I think maybe the problem is the granularity. To be honest, I found that the 

difference between completed and not completed is misleading because 

students are never going to finish, actually complete the video, because 

there’s a gap on the end, right? In the beginning, there’s a copyright warning, 

and at the end, there’s a dead space. And I was, generally speaking, too lazy 

to edit the videos, to make them fully complete” (Lecturer 1). 

“[…] the different graph there would be harder to analyse.” (Lecturer 2). 

Despite the challenge of providing sufficient information without causing information 

overload (Edmunds & Morris, 2000; Ware, 2012), the findings indicate that both aggregated 

information and highly granular information improve the usefulness of reports for lecturers’ 

decision-making. LAIS should support customised ad-hoc analyses of learning with different 

units of analysis (e.g. individual learners or a whole class) and time frames (e.g. information 

aggregated by the day, week, month or year). Correspondingly, LAIS should report information 

with a flexible granularity that can deliver satisfying usability and efficacy (DP1b): 

DP1. Principle of actionable reporting: LAIS should have features that allow for the 

reporting of actionable information about learners and their learning (DP1a). The 

reported information should have a flexible granularity that allows for satisfying usability 

and efficacy (DP1b). 

6.1.5.3. Final set of design principles for learning analytics information systems 

The proposed set of design principles for LAIS was developed through the DSR process of 

theory-inspired development, demonstration with operational prototyping and case-study 
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based evaluation. Table VI-3 provides an overview of the final set of design principles for LAIS 

that support learning and teaching in higher education.  

Table VI-3: LAIS design principles 

# Design principle Design principle specification 

DP1 Principle of 

actionable 

reporting 

a. Should provide reports of actionable information about 

learners and their learning. 

b. Should provide flexible reports with flexible granularity 

that allows for satisfying usability and efficacy. 

DP2 Principle of 

information 

timeliness 

Should generate responses and information in a timely 

matter. 

DP3 Principle of 

learnability 

Should be easy to learn and use. 

DP4 Principle of 

availability 

a. Should be available and accessible to both data subjects 

and data clients at any time. 

b. Should store LA reports for data clients to access at their 

convenience. 

DP5 Principle of 

interoperability 

a. Should be able to interoperate with any learning and 

teaching systems, including VLEs, and enable integration 

with different data sources. 

b. Should be integrated with or connected to existing 

educational IS without resulting in any discernible issues 

or complications. 

6.1.6. Discussion and Implications for Research and Practice 

In the following, we discuss our contributions and implications in light of the literature on LA 

and educational IS as well as the practice of teaching with IS. 

As an emerging field of research, LA has been defined as a process of measuring, 

collecting, analysing and reporting education data (Siemens, 2013). We demonstrated how 

LAIS could automate the LA process so it has a greater impact in higher education. Although 

the literature has recognised the potential of LA for supporting and transforming institutional 

activities, such as educational decision-making, knowledge creation and enhancement of the 

learning experience (Nguyen et al., 2017; Nistor & Hernández-Garcíac, 2018), little attention 

has been paid to the design and development of IS with LA capabilities. This work links 

previous system designs for LA (Bodily et al., 2018; Ruipérez-Valiente et al., 2015; Siemens 

et al., 2014) to provide comprehensive guidelines for developing and implementing LAIS in 

higher education.    
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Our study introduces LAIS as a new class of educational IS. Although such systems 

may be considered part of other types of educational IS, such as learning management IS 

(Daniel, 2015; Ruipérez-Valiente et al., 2015), the purpose of their design is different from and 

independent of existing systems. Furthermore, the theories regarding LA have indicated a need 

to examine LAIS as a new genre of educational IS to maximise its impact in different 

educational settings. Thus, we created a set of design principles for developing and 

implementing LAIS. Through demonstration and evaluation, we show the feasibility of 

realising this type of IS in the context of higher education. 

Our findings also contribute to the literature on educational technology, which has 

recognised LA as a promising technology in education transformations. The study 

demonstrates that to use LA successfully, it is necessary to consider the conflicts of interest 

between different groups of education stakeholders. Information granularity benefits data 

clients, but it causes ethical concerns for the data subjects. Our study provides empirical 

evidence confirming the conceptualised sets of ethical issues proposed by Pardo and Siemens 

(2014) and Slade and Prinsloo (2013). 

From the lecturer perspective, the findings indicate that the design and development of 

LAIS should consider the importance of the end-user experience (i.e. the ease of use and access 

as well as the appropriateness and flexibility of the delivered information). The DSR paradigm 

and literature encourage scholars to report successes and failures when planning future research 

(Lobato, Walters, Hohensee, & Gruver, 2015). Perhaps DSR researchers, as practitioners of 

teaching in higher education and as scholars, should consider their successes and failures to 

avoid failures and leverage successes in their future endeavors to apply LA in higher education 

and, especially, develop LAIS. 

The ability to report insightful information has been identified as a salient feature of 

LA. While this element is conceptualised in our principle of actionable reporting (DP1), we 

offer a more detailed description of the main affordances of LAIS and explicit guidance for 

designing such IS, which are essential to support the development and implementation of LAIS 

and utilise LA in higher education.   

6.1.7. Concluding Remarks 

This study proposed LAIS as a class of educational information systems and aimed to establish 

its design principles. We developed and implemented a fully functioning prototype as an 

instance of such systems to illustrate the proposed design principles. Through the DSR process 

of developing and evaluating a set of design principles for LAIS, this study makes both 
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practical and theoretical contributions to the fields of educational technology, IS and DSR. As 

e-learning has become a fundamental part of learning experience in higher education, LAIS 

presents great opportunities for learning and teaching. The development and implementation 

of an operational LAIS prototype and the case study-based evaluation show that the proposed 

LAIS design has the potential to provide teachers with useful LA information. With timely and 

accurate information about learning and teaching in their classes, lecturers can adjust their 

pedagogical activities and make appropriate decisions. The LAIS design principles were 

evaluated and improved from both the lecturer and student perspectives to avoid potential 

conflicts of interest. Thus, the proposed LAIS design can serve as a guideline for further 

development and implementation of LA to support learning and teaching. In addition, this study 

provides useful information about the LA services and functionalities that lecturers appreciate 

to commercial stakeholders, IS developers and engineers. 

This study has some limitations. First, rather than focusing on the fundamental purpose 

of LA and the requirements from the stakeholders, the design principles of LAIS could be 

conceptualised differently. Second, although we demonstrated and evaluated our set of design 

principles, additional rounds of demonstration and evaluation could be conducted in a different 

context to revise the design principles to ensure their generalisability. Third, we believe that, 

given a year’s experience with LA, the lecturers will ask for new features and services beyond 

those that automatically inform them about student engagement. Finally, further research could 

examine LAIS design principles in the context of different LA modules in higher education.   

(This is the end of Article VI) 
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6.2. Learning Analytics Information Systems: 

Development and Implementation 

As Article VI focused on the development, demonstration and evaluation of LAIS design 

principles, much detail about the system development and implementation was removed to 

comply with the paper length restriction of the journal. Hence, this section extends the 

discussion on the development and implementation of the system prototype. 

6.2.1. System Requirements 

Following the proposed design principles, the fundamental design goals and requirements for 

LAIS are described in Table VI-4 below:  

Table VI-4: Summarised Requirements for LAIS 

Design Goals Requirement Description 

Key Objectives • To provide composite multilevel metrics about learners and their 

learning to facilitate planning learning activities 

• To predict learning performance and outcomes to support decision 

making through the learning design cycles 

• To facilitate the evaluation of learning design with real-time and 

predicted information. 

• To provide an underlying architecture for future development of LA 

for teachers as designers 

Usefulness • To generate relevant, actionable indicators that help teachers to gain 

insights about the students and learning behaviour 

• The provided information can support the teachers in reflecting upon 

the learning design 

Usability • To have an understandable User Interface (UI) for the teachers, i.e., 

appropriate data visualisation of analytics outcomes 

Extensibility • To allow for an incremental extension of analytics functionality 

without rewriting the code 

Reusability • Each small components can be reusable or reimplemented in later 

development 

Interoperability • To be able to operate with any learning and teaching systems, 

including Virtual Learning Environments (VLEs) 

• To allow for integration with different data sources 

Real-time 

Operation 

• To provide a response to the users upon requests for expanded 

exploration of the data in real-time or near real-time.  
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Similar to business analytical applications, a real-time analytics system requires a set 

of service levels that can provide data freshness and continuous data integration (West, 2012). 

The need for data freshness is associated with decision support for dynamic contexts in which 

particular data change over time and the information needs to be frequently updated. 

Continuous data integration enables capturing and loading data with different schemas from 

multiple sources to generate meaningful information. Furthermore, requirements for LAIS 

have been considered from previous LA studies (Siemens et al., 2014) and literature analysis 

(Chatti et al., 2012).  

6.2.2. Selection of the E-Learning Platform with Learning Analytics 

Online learning, or e-Learning, has suffused teaching and learning environment, and still it has 

been continuously transforming at a fast pace. E-learning was originally designed to implement 

computer applications in supporting teaching and learning. However, the understanding of the 

term “e-Learning” has been diverse in different contexts. Contemporarily, it often relates to the 

concept of distance learning and or Internet-based educational software applications called 

learning management systems (LMS). An LMS, which is also called an integrated learning 

system (ILS), can be defined as a technological scheme that supports educational 

administration, documentation, tracking, reporting, delivering course content and all other 

aspects of the learning process via a telecommunication network such as an intranet, extranet 

or the Internet. Technology, especially the LMS, has become “modern chalk” in education and 

most institutions have shown great interest in e-learning. 

6.2.2.1. Potential e-Learning Platforms with Learning Analytics 

Many e-learning applications have been developed for different purposes, but we focus only 

on those specialised for higher education. Therefore, we do not consider LMS designed for 

corporates and K-12. Salmeron (2009) reported ten critical success factors (CSFs) of an LMS, 

namely, cost, easy maintenance, asynchronous and synchronous communication tools, 

usability, students’ attitude, assignments, content structure, and standards compliance. Based 

on these CSFs, we select and analyse common LMS for higher education. 

a) Moodle 

Moodle is open-source software (OSS) initially developed by Martin Dougiamas to support 

educators with interaction and collaborative construction of content. It is a web-based LMS 

written in PHP. Since the first release in 2002, Moodle has been widely implemented by many 

schools, universities, workplaces, and other sectors. It is a well-known open source player in 
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the LMS industry with a massive and active community with many plugins and options to 

customise it to specific requirements.  

b) Blackboard Learn 

The Blackboard LMS was initially released in 1997 and later changed its name to Blackboard 

Learn. The software was developed by Blackboard Inc. merged from CourseInfo LLC and 

Blackboard LLC. The initial purpose was to supplement the traditional learning and teaching 

environment by delivering online course materials. Face-to-face learning activities have been 

transformed into online courses over time to meet user requirements. Blackboard Learn is not 

open source, yet the company offers a managed hosting option for deployment along with 

Software as a Service (SaaS). However, Blackboard has been criticised for having poor support, 

which is usually an advantage of closed source software.   

c) Canvas 

Canvas is a comprehensive cloud-native LMS. Originally named Instructure, Canvas was 

founded by two BYU graduate students, Brian Whitmer and Devlin Daley in 2008. The 

software was written in a server-side web application framework called Ruby on Rails, and its 

database was based on PostgreSQL. It was widespread among schools and universities in the 

United States before reaching the rest of the world. Although the software product name has 

been changed to Canvas, the company remains as Instructure. Canvas became an open source 

software (OSS) under an  Affero General Public License (AGPL) in 2011. In 2012, Canvas 

Network was introduced by Instructure as a massive open online courses (MOOCs) product.   

d) Open edX 

Open edX is the open source platform created by founding partners Harvard and Massachusetts 

Institute of Technology (MIT), and it has been worked on by dozens of leading global 

institutions. The Open edX platform is used all over the world to host MOOCs as well as 

smaller classes and training modules. The Open edX LMS allows users to access course 

content, including videos, textbooks, and problems, and to check their progress in the course. 

e) Docebo 

Developed by Docebo Srl, Docebo is a PHP-based cloud platform for e-learning used for both 

academic institutes and corporate learning. The platform was initially released as an OSS under 

a General Public License (GPL) with no licensing costs. The design of Docebo complies with 

both SCORM and Tin Can standards. It is now offered as a Software as a Service (SaaS). 
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Docebo is also compatible with third-party authentication and integration with other enterprise 

applications. 

An initial comparison between selected LMSs (See Table VI-5) examines general 

information about the applications, particularly the entities driving software development, 

initial release and written programming language.  

Table VI-5: Initial LMS Comparison 

LMS Developer(s) Written in 
Year of  

1st Release 

Moodle Moodle Pty Ltd PHP 2002 

Blackboard Blackboard Inc. Java 1997 

Canvas Instructure Ruby 2008 

Open edX 
Harvard, MIT, 

and other 

institutions 

Python 2012 

Docebo Docebo PHP 2005 

Apart from Open edX, the development of the other four LMS was driven by 

commercial enterprises. Unlike its MOOCs competitors such as Coursea, Open edX is a non-

profit organisation. In addition to educational offerings of online university-level courses in 

various disciplines, it also tracks how people use its platform and conducts research into e-

learning. Open edX was released in 2012 making it the newest platform in the list whereas the 

oldest software is Blackboard which was initially released in 1997. The written language varies, 

yet it might relate to the popularity of the programming languages during the development 

period. First of all, Java was introduced in 1995, a couple of years before the first release of 

Blackboard. Both Moodle and Docebo are written in PHP and had their first releases in the 

2000s. PHP 4 was released in 2000 and became a popular web-server language at that time. 

The server-side web application framework Ruby on Rails was shared with commit rights to 

the open source project in 2005. It was also a few years before the release of Instructure, the 

former name of Canvas. Recently, Python, Java, and Scala have become attractive 

programming languages with compatibilities to Big Data solutions and data analytics tasks. 

Unsurprisingly, the newly-developed e-learning platform Open edX is written in Python. 

Although it is not always the case that later technologies and programming languages are more 

advanced than the previous ones, they can be highly relevant to compatibility with other 

technologies and availability of resources such as libraries and frameworks. Especially for 
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built-in modules, the programming language used to write the software may be critical to the 

development of functional extensions. In this case, the designed framework currently favours 

Open edX for developing built-in learning analytics.     

6.2.2.2. Availability, Cost, and Maintenance 

Availability gives information about the distributed license of the software, whether it is open 

source or closed source. All of the e-learning platforms, except Blackboard, have been moving 

towards having GPLs and make their source code available to the community. Blackboard is a 

paid service and is solely maintained by the company Blackboard Inc. There have been several 

reasons for the increase of open source software in higher education (Machado & Thompson, 

2005). Those can be categorised into four central aspects, namely economic, technological, 

pedagogical and philosophic. In terms of economic, OSS takes users away from software 

license management; thus, it reduces up-front and operating costs. Economic benefits can also 

be gained from the nature of the generic product with reduced costs related to marketing 

activities. Furthermore, OSS clients have more independence from the software vendor.  

Technologically, an open architecture might provide better interoperability, reliability and 

secsurity. OSS allows the community to audit and fix the codes; thus, collaborative reviewing 

can eliminate security risks and enhance reliability. Learning Tools Interoperability (LTI) is an 

interoperability standard created by the IMS Global Learning Consortium5. Through 

compliance with the LTI standard, learning systems such as LMS can be compatible to integrate 

with external systems and tools. Three LMSs comply with LTI standards; the other two, 

Docebo and Moodle, do not. However, Moodle can connect with other LTI compliant LMS via 

additional plugins. Table VI-6 summarizes the above information  

Table VI-6: Availability, Extensibility, and Interoperability 

LMS Availability Extensibility Inter-operability (LTI) 

Moodle OSS 
Community 

Plugins 
Yes, via Plugins 

Blackboard Paid No  Yes 

Canvas OSS/Paid Plugins Yes 

Open edX OSS XBlock Modules Yes 

Docebo OSS/Paid Plugins No 

 

5 IMS Global Learning Consortium. https://www.imsglobal.org/  

https://www.imsglobal.org/
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Table VI-7 shows options for deployment and maintenance of the listed e-learning platforms. 

All open-source LMSs allow self-hosting and maintenance on private servers or dedicated 

servers from hosting providers such as Amazon Web Services (AWS). Alternatively, there are 

third-party vendors offering deployment and maintenance services for LMSs. Furthermore, 

Canvas and Docebo also offer SaaS for customers. Competition between service providers 

keeps regulating low costs and lowers dependency on the vendor. Blackboard is the only closed 

source LMS in the list, and they offer both SaaS and a managed hosting option. As Blackboard 

Inc. is the only vendor for Blackboard Learn, they have relatively higher power over customers 

than those that are OSS. 

Table VI-7: Deployment and Maintenance 

LMS Deployment Maintenance 

Moodle 
3rd Parties /  

Self-hosting 

3rd Parties /  

Self-maintenance 

Blackboard 
SaaS /  

Managed hosting 
Paid Subscription 

Canvas 
SaaS /  

Self-hosting 

Paid Subscription /  

Self-maintenance 

Open edX 
3rd Parties /  

Self-hosting 

3rd Parties /  

Self-maintenance 

Docebo 
SaaS /  

Self-hosting 

Paid Subscription /  

Self-maintenance 

6.2.2.3. Course Authoring and Collaborative Systems 

All of these e-learning platforms have built-in course authoring and collaborative systems. A 

course authoring system allows users to create multimedia and interactive content whereas an 

effective collaborative system can support both synchronous and asynchronous 

communications. These enable institutes to move toward a blended learning model and allow 

delivery of content and instruction via digital means. Learners can have control over learning 

pace, time spent and space. The learning path can also be customised by each learner rather 

than one-size-fits-all as in the traditional classroom. Furthermore, blended learning involves 

face-to-face sessions acting as workshops and discussion forums where learners can discuss 

their obtained knowledge and apply it to class exercises. Much of the current literature on 

learning practices has shown evidence supporting the effectiveness of blended learning. 
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In contrast to traditional classrooms, MOOCs are an open-access model of learning 

where learning content and assessments are entirely online and available to any learner.  

MOOCs seek to deliver education to a massive number of learners, and they are designed for 

unlimited participation. Many top universities are running MOOC platforms to provide 

knowledge to millions of learners all over the world and to research learning behaviour via 

learner interactions with the platform. For example, Coursera is a well-known MOOC founded 

by two computer science professors from Stanford University, Andrew Ng and Daphne Koller. 

Coursera has offered more than 1,800 online courses from 146 partners across 29 countries. 

Apart from Docebo, all other e-learning systems have supported the MOOC model and allowed 

comprehensive self-learning. However, Open edX was initially designed for MOOCs rather 

than for traditional pedagogies. As a result, this e-learning platform has not been used for closed 

education such as K-12 and higher education degree studies. Table VI-8 summarizes the above 

information. 

Table VI-8: Model of Learning 

LMS 
Traditional 

Classrooms 

Self-Learning 

(MOOCs) 

Blended 

Learning 

Moodle √ √ √ 

Blackboard √ √ √ 

Canvas √ √ √ 

Open edX × √ √ 

Docebo √ × √ 

6.2.2.4. Content structure, Standards compliancy 

SCORM refers to the “Sharable Content Object Reference Model” that defines technical 

standards for e-learning interoperability. If compliant with SCORM, online learning content 

and LMS can communicate with each other. SCORM has been widely applied for various e-

learning platforms including the aforementioned LMS (see Table VI-9). Although Open edX 

does not support SCORM natively, XBlock modules have been developed for adding SCORM 

packages to the platform. Following the success of SCORM, Tin Can is a new set of standards 

for LMS towards learning analytics. The highlighted change is a moving focus from “Sharable 

Content Object” (SCO) to Activity and Content. Content is not only limited to SCO but is now 

defined as a part of the superclass called Activity. Although Tin Can APIs are promising for the 

future growth of the e-learning industry, the standards are still in an early stage and yet to reach 
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maturity. As a result, some e-learning community decided not to follow Tin Can for the time 

being. Among the five LMS, only Docebo and Blackboard fully comply with Tin Can. 

Nevertheless, the other platforms can still communicate with Tin Can APIs via plugins except 

for Open edX. Piotr Mitros, Chief Scientist of edX, responded to a question about Tin Can 

support saying that they could not engage with the standards process around Tin Can and 

resolve compliance issues in a timescale thus they went forward with their own standard. He 

also said that edX might revise Tin Can compliance once the frameworks around analytics are 

more mature. E-learning standards and compliances should not only concern the compatibility 

to share learning content but also data communication between systems.  These would be the 

foundation for the evolution of learning analytics. 

Table VI-9: Content Structure 

LMS SCORM Compliant Tin Can Compliant 

Moodle Yes Ad-hoc Tin Can Plugins 

Blackboard Yes Yes 

Canvas Yes Partly 

Open edX Yes, via XBlock Plugins No 

Docebo Yes Yes 

6.2.2.5. Built-In Learning Analytics Capabilities 

Built-in logging and learning analytics collect educational data from LMS users including 

teachers and students to analyse and provide useful information back to the users. Although 

external analytics tools connected to the e-learning platform can obtain similar results, built-in 

modules are usually more reliable and integrated. The event tracking or logging module is a 

piece of software recording user activities on the system and storing them in log files. Data in 

these files can be analysed to indicate user engagement with the system. Data recorded in 

tracking logs often include event description such as event type, context and time occurred. 

Log analysis in e-learning has been built on the foundations of web analytics software which 

measure, collect, and analyse web data and report on web usage.  

Recent advances in big data have allowed online platforms to process a massive amount 

of specific event such as user interactions with each component of learning content. By 

analysing these detailed logs, analytics tools can offer users objective indicators about their 

engagement and behaviour. Combining with individual profiles and educational data from 
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other sources, e-learning platforms may offer insights into learning and teaching as well as 

towards personalised education. Built-in logging and analytics are available in most e-learning 

platforms except Docebo which can only achieve analytics function with Google Analytics 

integration. Nevertheless, Moodle logs, also called activities reports, do not dig much deeper 

than basic web analytics technologies such as Google Analytics (see Table VI-10).  

Table VI-10: Built-in Learning Analytics in LMS 

LMS 

Built-in 

Logging/ 

Analytics 

Customised 

Analytics 

Plugins 

Access to Log 

Files 

Moodle Activities Report Yes Yes 

Blackboard Yes No No 

Canvas Yes Yes Restricted 

Open edX Yes Yes Yes 

Docebo No Yes No 

Furthermore, most useful log analysis features for Moodle are not built-in but are only 

available via plugins. Blackboard Learn has built-in analytics reporting on enrolment, student 

retention, and learner engagement. Although Blackboard offers modules for analytics such as 

Blackboard Intelligence and Blackboard Analytics, developers cannot create customised 

analytics plugins for this closed source platform. For SaaS users of Canvas, the access to log 

files might be limited. Both Moodle and Docebo are written in PHP and logging for most of 

these platforms involve a JavaScript snippet to track user events. Table VI-11 summarizes the 

above information. 

Table VI-11: Learning Analytics of LMS 

LMS 
Course 

Analytics 

Per-Learner 

Analytics 

Per-Content 

Analytics 

Moodle High Medium Medium 

Blackboard High Medium Weak 

Canvas High Medium Medium 

Open edX High Medium High 

Docebo Medium Weak Weak 
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As mentioned in the initial comparison of these LMS, it might be challenging to develop 

complex built-in logging and analytics in the existing framework written in programming 

languages other than Java, Scala, and Python. Furthermore, the Python community has 

significantly expanded libraries of packages used for data analytics. Open edX has utilised this 

advantage to advance their analytics modules and enable detailed reports about individual 

learners and content. 

6.2.3. System Development 

An investigation of existing learning analytics tools and frameworks recognised the  Open edX 

framework as potentially meeting the platform requirements because it could record detailed 

interaction events and produce sophisticated analytics with a highly scalable architecture. As a 

result, the development of Auckland Insights, a learning platform with analytics, was based on 

the Open edX framework. Auckland Insights can capture the detailed interactions between an 

individual learner and their learning content. Adopting the Open edX framework, we have 

developed and implemented Auckland Insights (Aucklandinsights.com), a learning platform 

with analytics capability. 

The system allows lecturers to release lecture recordings to the class and captures 

students’ interactions with those lecture recordings. The captured data are processed through 

the analytics pipeline. The prototype applied MapReduce methods to process collected data 

and generate more meaningful datasets. The data outputs in analytics were visualised on the 

analytics dashboard. We captured the snapshot of the dashboard weekly after the analytics task 

was executed to update the information about lecture recording usage. Mapping the graphs of 

the same lecture recording video would provide the number of increased views on each point 

of the videos during the period between each snapshot. 

6.2.3.1. Main Modules of the System 

The system design aims for highly accurate, sophisticated analytics and low intrusiveness 

regarding learning and teaching activities. Thus, the system architecture considers connecting 

to existing infrastructure and services rather than replacing or modifying them. Our university 

is currently running an LMS as the main channel to distribute learning materials and announce 

information to the students. The university is also operating a lecture recording system 

launched in 2009. The lecture recording system captures the sound and computer screen in the 

lectures and stores them on the server in a video format. The link of online access to the 

recording is emailed to the lecturers once it has been processed. Research has also shown  that 
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the use of an LMS and lecture recording system is popular in higher education (Dahlstrom et 

al., 2014; Leadbeater, Shuttleworth, Couperthwaite, & Nightingale, 2013). As a result, the 

system is designed to operate independently but connect to any LMS and lecture recording 

system via a single sign-on (SSO) service.  

Figure VI-8 maps the overall architecture of the proposed system. Apart from the SSO 

module, the proposed system consists of four central components, namely the learning 

platform, the course authoring system, the learning analytics system and the visualisation 

dashboard. The learning platform provides an online learning environment for the students to 

interact with learning materials published by the lecturer via the course authoring system. The 

learning analytics system is designed to operate in an isolated machine instance. The learning 

analytics system collects data about user interaction and learning content from the learning 

platform and course authoring system. This module is also responsible for processing data and 

storing the outputs into the results database. The visualisation dashboard visualises and displays 

meaningful information to end-users.  

Figure VI-8: The Overall Architecture of the System 
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6.2.3.2. User Interface 

a) The instructor view – Learning analytics dashboard 

A report on the views of lecture theatre recordings (LTR) is updated on the visualisation 

dashboard weekly. The lecturers could access and review these reports on their own time. 

Figure VI-9 is an example of reporting visualisation that the lecturer can monitor. The first 

graph indicates the number of active students throughout the week. The second graph reports 

the total unique viewers corresponding to the video timeline. Regarding the graph, the light 

blue area represents the total number of video viewers (y-axis) corresponding to the video 

timeline (x-axis). The system records unique viewers according to unique usernames. Thus, it 

indicates the total number of students watching each part of the lecture recordings regardless 

of the number of attempts. A second or later attempt is recorded as a replay segment. 

Interpreting the graphs can indicate the parts that students skip through most frequently. 

Another helpful measurement provided from the reports is replay segments on each lecture 

recordings. The replay segments could act as an indicator of cognitive engagement while 

learning a specific portion of the lecture recordings. For example, the replayed peaks suggested 

the points at which students might have trouble while trying to understand the delivered 

content. It signaled the lecturer to revise the content and decide on appropriate actions 

responding to identified pedagogic issues. 

The workflow for uploading lecture recordings remains similar to the existing process. 

Thus, the lecturers do not have to spend additional time and efforts after the implementation 

(see Figure VI-10). Rather than parsing the lecture recording links to the current LMS, the 

lecturers now input the links into the new course authoring system directly.  

Figure VI-9: Reporting Dashboard for lecturers 
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Figure VI-10: The Workflows for Uploading Lecture Recordings: Before and After 

b) The student view 

The student’s activity flow for using lecturer recordings does not differ much from the existing 

process. The main difference is to access the LTR on the newly-designed platform rather than 

directly watch the LTR on the existing LMS. Once students access Auckland Insights, their 

interactions are recorded and stored in event log files. This process of capturing user events 

occurs in the back-end; thus, it does not cause any disruption or annoyance to the learning 

process. Figure VI-11 shows the user interface (UI) for students on the learning platform 

6.2.4. System Implementation 

We have implemented the system in four undergraduate courses with a total of 1,173 

enrolments as described in the case-study based evaluation of LAIS design principles in 

Figure VI-11: User Interface (UI) for Students on the Learning Platform 
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Article-VI (Section 6.1.5). Nevertheless, apart from the evidence for evaluation, the findings 

from the interview also address the  ethical concerns related to the use of learning analytics. 

This section extends on the findings in Section 6.1.5 and reports the lecturer’s perspective on 

using LA in higher education. 

Questions have been raised about the ethical issues and practice regarding the 

implementation and use of data analytics in education (Myers & Venable, 2014; Pardo & 

Siemens, 2014). A set of ethical principles for DSR in IS offered by Myers and Venable (2014) 

suggests that informed consents should be obtained from “any person who is in some way 

involved with the research project” (p. 806). However, it is challenging to either overcome 

privacy concerns or collect informed consent from all stakeholders including a large number 

of students at an institution. The debate about using data analytics in education has gained new 

prominence with many arguing that existing ethical principles, particularly privacy concerns, 

should adjust to embrace the emergence of this research field (Pardo & Siemens, 2014; Slade 

& Prinsloo, 2013). Therefore, we seek to better understand potential ethical issues including 

privacy and transparency from the lecturers’ perspective.   

Decision making involves not only supporting information but also human judgments 

and personality (Hammond, McClelland, & Mumpower, 1980). Despite the prodigious benefits 

of learning analytics, the biases concerning dissimilar attitudes and treatments may occur 

regardless of the stakeholders’ awareness. The inappropriate use of available information could 

lead to unethical practices and biases. 

“I’d like to think that the lecturers or the course coordinators who’re using 

this could use it for good, but I also see the potential they misunderstand it, 

use it for bad” (Lecturer 1). 

“You might be biased without realising it, unconsciously. Moreover, yeah, it’s 

the misused thing right” (Lecturer 3). 

The lecturers could have such biases that affect their behaviour in many different ways. 

Therefore, the finding highlights the need for anonymity in the set of ethical principles for 

learning analytics (Pardo & Siemens, 2014; Slade & Prinsloo, 2013). If the anonymity is 

secured, it may prevent the following scenario reported by Lecturer 1:  

“There are some of my colleagues across the university and we’ve got, you 

know, thousands of people, so I’m not going to name any names, who might 

get quite angry about students not doing things, and…not necessarily 

deliberately penalise them but indirectly, you know, they might think “Well, 

they didn’t watch that, I’m going to make my whole exam about that”, you 
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know. Personally, I’ve felt that way before in the past, but you know, I haven’t 

done it, but you know, you get that “Grrr, those buggers” [laugh]” (Lecturer 

1). 

In addition to anonymity, transparency of the process, data privacy, and security are the 

three main aspects of ethical principles for learning analytics (Pardo & Siemens, 2014; Slade 

& Prinsloo, 2013). Data privacy was identified as the key challenge for the implementation of 

learning analytics at institutions of higher education (Daniel, 2015). Concerns have been raised 

about recording student activities on the system and profiling student learning. Campbell and 

Oblinger (2007) suggests that institutional executive offices are likely to be concerned about 

privacy and security issues when the system is up and running. Surprisingly, while the lecturers 

agreed on the transparency of the process and data security, they were not concerned about data 

privacy:  

 “Well, personally I don’t have any concern with that because anyway I have 

access to all the students’ performance in terms of marks, so, and this 

additional data about how students’ learn, um, they don’t reveal any private 

information about the student in any way, um, so it’s definitely less private 

than the student’s mark that I give to the student, so in this sense, I already 

have the highest possible access to the privacy of the data, and in this sense, 

I think that analytics is fully acceptable, so it doesn’t relate any privacy 

issues.” (Lecturer 2). 

“I honestly don’t. I know other people do, but I don’t…I could not care less, 

I absolutely could not care less because, you know, I was a student this 

semester who took courses. I would not care if my instructor knew everything 

that I did on Canvas, or whatever” (Lecturer 3). 

“If the learning analytics is automated then it should be built in locally so 

that the data stays within the university and doesn’t go out somewhere where 

it then can be lost and stolen and whatever, the usual concerns. And anybody 

who’s, maybe manually, analysing something, should be under some sort of 

legal obligation contract, usual sort of things with the university, so that 

essentially, it’s also done in-house or done through a contractual, legal 

relationship somehow, and that should ensure data security and privacy for 

people, nothing special, just the normal, standard stuff.” (Lecturer 4). 

The lecturers believed that they have the highest possible access to the privacy of the 

educational data. In their opinion, the data about student engagement are “definitely less private 
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than” (Lecturer 2) the student’s mark revealed to them. Furthermore, the lecturers thought the 

learning analytics would not involve any privacy issues as long as the system ensures data stays 

within the university with high security, and the processes follow the university regulations 

and ethical standards. 

Learning analytics can benefit different educational stakeholders including academics 

and students (Greller & Drachsler, 2012; Larusson & White, 2014). However, the 

implementation of learning analytics in higher educators has to consider several aspects such 

as return on investment, essential staff training, and disruptions in learning and teaching 

(Daniel, 2015; Cristóbal Romero & Ventura, 2015). All of these aspects regarding learning 

analytics can relate to both monetary and non-monetary terms at any stakeholder level. For 

instance, executive offices may consider financial return, and operational disruptions of the 

instruction whereas lecturers and students may consider their time spent on learning and using 

the system versus the received beneficial values. In our case, the lecturers reported that the lack 

of available time constrained them from using the learning analytics system effectively: 

“And I’ll be honest I haven’t spent as much time in it as I should have.” 

(Lecturer 1). 

“I only did that once, but I’d like to have done that for every spike” (Lecturer 

2). 

“… and I don’t have that much spare time given my work expectation that I 

could actually spend a sizeable chunk of time to look at those analytics that 

are available.” (Lecturer 4). 

The extra working hours should be needed to adopt and use a new application while 

maintaining their usual roles and responsibilities. This finding indicates that future learning 

analytics should also consider the ease of use for the users, and the appropriateness and 

flexibility of delivered information density. The implementation of learning analytics should 

be comprehensively deliberated and supported by all levels of stakeholders at the institution. 
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Chapter VII: SUMMARY OF RESEARCH ARTEFACTS 

This chapter reviews the set of research artefacts created through the study. First, it recalls the 

concept of Information Systems (IS) research artefacts in Design Science Research (DSR). It 

then provides a list of research artefacts created in this study and depicts their evaluation. 
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7.1. Key Research Artefacts 

Research artefacts have played a key role in DSR, and the concept of IT artefacts has been a 

central topic of the research community's discourse on design science (Iivari, 2017; Peffers et 

al., 2018). An IT artefact can be defined as “an entity/object, or a bundle thereof intentionally 

engineered to benefit certain people with certain purposes and goals in certain contexts. It is 

developed, introduced, adopted, operated, modified, adapted, discarded, and researched within 

contexts and with various perspectives.” (Zhang, Scialdone, & Ku, 2011, p.3). Recently, Lee, 

Thomas, and Baskerville (2015) suggested the concept of an information system (IS) artefact 

as an alternative to an information technology (IT) artefact, comprising three subsystems: (1) 

a technology artefact, (2) an information artefact and (3) a social artefact. Table VII-1 shows 

the definitions of an IS artefact and its subsystems. 

Table VII-1: Definitions of Research Artefacts 

Term Definition 

IS artefact (Lee 

et al., 2015) 

A system “consisting of subsystems that are (1) a technology artefact, (2) 

an information artefact and (3) a social artefact, where the whole (the IS 

artefact) is greater than the sum of its parts (the three constituent artefacts 

as subsystems)” (p. 6) 

Technology 

artefact (Lee et 

al., 2015)  

“A human‐created tool whose raison d'être is to be used to solve a 

problem, achieve a goal or serve a purpose that is human defined, human 

perceived or human felt” (p. 8) 

Information 

artefact (Lee et 

al., 2015)  

“An instantiation of information, where the instantiation occurs through a 

human act either directly (as could happen through a person's verbal or 

written statement of a fact) or indirectly (as could happen through a 

person's running of a computer programme to produce a quarterly report)” 

(p. 8) 

Social artefact 

(Lee et al., 

2015) 

“Consists of, or incorporates, relationships or interactions between or 

among individuals through which an individual attempt to solve one of his 

or her problems, achieve one of his or her goals or serve one of his or her 

purposes” (p. 9) 
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According to the DSR contribution types, IS artefacts can be categorised into three 

levels of abstraction: 1) situated implementation of the artefact; 2) nascent design theory 

knowledge as operational principles/architecture; and 3) well-developed design theory about 

embedded phenomena (Gregor & Hevner, 2013). Table VII-2 shows the example artefacts at 

each level of contribution types. 

Table VII-2: Design Science Contribution Types (Gregor & Hevner, 2013) 

This study has conceptualised, developed, demonstrated and evaluated several research 

artefacts contributing to both abstract and specific knowledge within the domain of learning 

analytics and DSR. Particularly, Figure VII-1 illustrates the main outputs of this ontology-

based design science research (ODSR) study. In addition, Table VII-3 lists the IS artefacts 

created as the research outputs. 

Figure VII-1: Research Outputs of ODSR 
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Table VII-3: List of Key Research Artefacts 

 Artefact 
Related 

Section 

Related 

Article 

RA1 
Ontology-based Design Science Research (ODSR) 

Methodology 
2.1.4 Article I 

RA2 
Ontology-based Design Science Research (ODSR) 

Roadmaps and Guidelines 
2.1.5 Article I 

RA3 
Integrated Framework for Data Analytics in Higher 

Education (DAHE) 
3.1.3 Article II 

RA4 
Set of Unified Definitions for Data Analytics in Higher 

Education 
3.1.3 Article II 

RA5 Multi-layered Taxonomy of Learning Analytics Applications 4.1.5 Article III 

RA6 
Design Science Based Methodology for Building Ontologies 

(DSBO) Framework 
4.2.3 Article IV 

RA7 Integrated Ontology of Learning Analytics (IOLA) 4.2.5 Article IV 

RA8 Unified Learning Analytics Framework (ULAF) 5.1.1 N/A 

RA9 
Framework for Serious Games Analytics Specialised for 

People with Intellectual Disabilities (SGAPID) 
5.2.4 Article V 

RA10 
Logical Architecture of Learning Analytics for Serious 

Games 
5.2.4 Article V 

RA11 
Design Principles for Learning Analytics Information 

System (LAIS) 
6.1.5 Article VI 

RA12 LAIS Architecture 6.1.4 Article VI 

RA13 Abstraction of Key Learning Analytics Services 6.1.4 Article VI 

RA14 LAIS Prototype 6.1.5 Article VI 

RA15 Implementation of LAIS Design Principles 6.1.5 Article VI 
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7.2. Evaluation of Research Artefacts 

As design is an iterative and incremental process, the evaluation activities offer critical 

feedback to the construction of the artefacts (Hevner et al., 2004).  

7.2.1. Analytical and Descriptive Evaluation Methods 

The analytical evaluation was conducted to examine research artefacts from static, architecture 

and dynamic perspectives whereas descriptive evaluation was used to explicitly demonstrate 

their utilities (Hevner et al., 2004). We performed a static analysis to test the static qualities of 

the designed artefacts. Static analysis assesses the required features of each artefact without its 

real implementation. The architecture analysis was used to validate the design and organisation 

Figure VII-2: Overview of Research Artefacts Evaluation 
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of system frameworks. The dynamics analysis was also applied for assessing the internal and 

external performance of the research artefacts. Regarding the validation of internal 

performance, each research artefact was analysed to determine whether it was efficiently 

designed and developed. The external performance was validated by assessing its efficiency in 

addressing the research problems and practical challenges. The descriptive evaluation 

comprises informed arguments and illustrative scenarios. 

The informed arguments could be found in the theoretical background sections in each 

original article (Sections 2.1.2, 2.1.3, 3.1.2, 4.1.2, 4.2.2, 5.2.3, 6.1.2, and 6.1.3). We conducted 

in-depth literature reviews to establish foundations for constructing the research artefacts. 

Subsequently, logical and critical arguments were provided to demonstrate the utility and 

significance of the artefacts.  

The analytical and descriptive evaluations of constructs, method and model artefacts 

were demonstrated in the illustrative scenarios as shown in Sections 2.1.6, 3.1.3, 4.2.6, and 

5.2.5.2. Whereas the instantiations (Sections 5.2.4.4, 6.1.3 and 6.1.4) illustrated the analytical 

and descriptive evaluations of system artefacts. In sections 5.2.4.4 and 6.1.3, we fit the research 

frameworks into technical IS architectures to analyse them from the architecture perspective. 

In addition, we also conducted the analytical tasks to revise feedback information received 

from experts (as described in Section 7.2.5).  

7.2.2. Testing Evaluation Methods 

Functional (black box) and structural (white box) testing methods were performed to identify 

defects and validate the performance of the system prototype. Black box testing is an approach 

to test computer software without knowledge of its inner operations. In functional testing, 

which is a black box method, test data are generated by the researchers based on the software’s 

specifications and the software application is executed to validate its behaviour in comparison 

with the specifications. In contrast, white box testing, also known as structural testing, relies 

on an analysis of source codes and the structure of the computer software. During the 

development and experimentations of the system, all coding units have to be tested with the 

white box approach before being implemented in the production environment.  
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7.2.3. Experimental Evaluation Methods 

Like any other scientific disciplines, experimentation has been fundamental to IS design and 

development (Wohlin, 2012). We conducted simulation and natural experiment to evaluate the 

system prototype. In the simulation, the system prototype was executed with artificial data to 

validate its utility. The testing data were generated by the researchers by pretending the 

activities of lecturers and learners on the system. The simulation validated the operationality 

of the research artefacts for later implementation.  

A natural experiment has been designed and conducted as a pilot study to test the utility 

and usability of the designed system in the field (Nguyen, Gardner, & Sheridan, 2018c). A 

natural experiment is an empirical study investigating a phenomenon of intervention in its 

natural settings where the conditions surrounding the implementation are not under the control 

of researchers (Craig et al., 2012). Natural experiments are observational studies as they do not 

occur in a controlled environment as is the case with randomised experiments. In the pilot 

study, we experimented with the use of the system artefact with two courses at the University 

of Auckland. During the system implementation, we observed and took notes of challenges 

facing the lecturers who were the targeted users. The noted information was used to improve 

the system features to meet user demands as described in Chapter VI. Subsequently, the system 

prototype has been implemented in multiple iterations for further validation with observational 

evaluation methods.  

7.2.4. Prototyping and Observational Evaluation Methods 

We applied the prototyping approach to validate the proposed frameworks, processes, and 

architectures of learning analytics through system implementations. The operational prototype 

itself proves the feasibility of utilising the design artefacts in a practical context. In addition, 

observational evaluation was conducted during and after the implementation of the designed 

system to validate its utility. 

The two main types of observational evaluation methods are case study and field study 

(Hevner et al., 2004). The case study aims to study artefacts in depth in the application 

environment while the field study observes the use of artefacts in several cases in the natural 

settings of the context of the study. Chapter VI introduced the case study of implementing the 

system framework and architecture to develop and implement an operational prototype at the 

University of Auckland. Subsequently, we observed the implementation and use of the learning 

analytics system through four academic semesters from 2016 to 2018. For this case, we have 
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collected various data to evaluate the usefulness and usability of the system prototype. 

Particularly, we have interviewed the lecturers (Nguyen et al., 2018c), gathered survey data 

from the students, and inspected system log data. We validated the utility of learning analytics 

in higher education as well as informed the opportunities and challenges facing the 

implementation of this technology (as described in Chapter VI). 

This study also represents itself as a case study for the proposed ODSR methodology. 

The thesis encompasses multiple projects guided by ODSR and all validated by publications 

(detailed in Section 7.2.5). This study, as a case study, provides a good foundation for 

demonstrating the application process of ODSR and its rigour. The research outputs of this 

study directed by ODSR contribute various design artefacts of different types to the domain of 

research (as summarised in Section 7.1).  

7.2.5. Dissemination Methods and Evaluation by Experts  

“Peer review has been defined as a process of subjecting an author’s 

scholarly work, research or ideas to the scrutiny of others who are experts 

in the same field. It functions to encourage authors to meet the accepted high 

standards of their discipline and to control the dissemination of research 

data to ensure that unwarranted claims, unacceptable interpretations or 

personal views are not published without prior expert review” (Kelly, 

Sadeghieh, & Adeli, 2014, p.227). 

While DSR methodologies seek to deliver both practical and theoretical contributions to the 

research fields, they have been often questioned about their academic significance and rigour 

(Gregor & Hevner, 2013). Nevertheless, the appearance of the DSR papers in reputed journals 

and conferences demonstrates that the study has passed the evaluation by experts and are 

deemed to have collegial recognition. The published articles do not merely represent subjective 

views of the authors, but also hold the imprimatur of scientific authenticity approved by 

reviewers and editors. Our research designs and outputs have been submitted to well-known 

research outlets for the ‘evaluation by publication’. During the peer review process, the 

research designs and outputs have been continuously revised and improved by adopting the 

suggestions and criticism from academic experts in the field. In addition, renowned 

international conferences gather both academics and domain experts. The presentations of the 

research gain valuable feedback from conference attendees. Consequently, this study adopts 

the Learn-Do-Share process to disseminate the research outcomes for future studies, and to 

evaluate research validity and reliability. In this direction, multiple research papers have been 

published, accepted, or under revision for publication. In total, there are nine research outputs 

comprising two published/accepted journal article, another journal article under review, four 
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full research papers in international conference proceedings, and three other conference 

presentations. 

Table VII-4: Artefacts Evaluated by Publication 

 
Publication and/or Presentation Evaluated 

Artefacts 

1 
“Towards Ontology-Based Design Science Research for 

Knowledge Accumulation and Evolution” (Nguyen et al., 2019) 

RA1, RA2 

(ODSR) 

2 
“A Systematic Review of Data Analytics in Higher Education: An 

Integrated View”  

RA3, RA4 

(DAHE) 

3 
“A Multi-Layered Taxonomy of Learning Analytics Applications” 

(Nguyen et al., 2017) 

RA5 

(Taxonomy) 

4 
“Building an Ontology of Learning Analytics” (Nguyen et al., 

2018b) 

RA6, RA7 

(IOLA) 

5 
“A Conceptual Model of Intelligent Learning System - Towards 

the Future of Educational Ecosystems” (Nguyen et al., 2016) 

R8 (ULAF) 

6 
“A Framework for Applying Learning Analytics in Serious Games 

for People with Intellectual Disabilities” (Nguyen et al., 2018a) 

RA9, RA10 

(SGAPID) 

7 

“Design Principles for Learning Analytics Information Systems in 

Higher Education” 

RA11, RA12, 

RA13, RA14, 

RA 15 (LAIS) 

8 

“Learning Analytics in Higher Education - Improving Teaching 

and Learning by Data Analytics” (Nguyen, 2018) 

RA1, RA2, 

RA8 (ODSR & 

ULAF) 

9 
“Data Analytics in Higher Education: A Case Study” (Nguyen et 

al., 2018c) 

RA14, RA 15 

(LAIS) 

10 

Learning Analytics to Inform Transformative Teaching, Learning 

and Support (Nguyen, Gardner, & Sheridan, 218AD) 

R8, RA14, 

RA15 (ULAF 

& LAIS) 
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Chapter VIII: CONTRIBUTIONS AND CONCLUSIONS 

This thesis is the outcome of multiple iterations of ontology-based design science research 

(ODSR) study. The study explores the design and implementation of learning analytics in 

higher education, and makes several contributions to methodology, theory, and practice. This 

chapter concludes the thesis with the summary of key contributions, outlines of potential 

limitations and future research directions. 
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8.1. Summary of the Thesis 

This dissertation focuses on the design of learning analytics information systems (LAIS) in the 

context of higher education. The objectives of this study have been accomplished through the 

process of development, demonstration, and evaluation of the research artefacts. Table VIII-1 

shows the association of the research artefacts to research questions and objectives. 

In line with the recent calls for a suitable mechanism and method for nurturing 

knowledge accumulation and evolution for DSR studies, this study proposed ontology-based 

design science research (ODSR) as an approach incorporating the forces of DSR and ontology 

engineering (Article I). We have established a framework for understanding and applying 

ODSR in IS studies. As ontology engineering is one of the main activities of ODSR, the design 

science-based methodology for building ontologies (DSBO) framework has been demonstrated 

and presented in Article IV. We also provided roadmaps and guidelines for ODSR and 

demonstrated its application to encourage IS researchers to apply and evaluate ODSR in 

different contexts. We believe that a movement towards ODSR will help move DSR studies 

forward by fostering knowledge accumulation and evolution. 

To distinguish and comprehend concepts around educational data analytics, the study 

has thoroughly established a set of unified definitions of LA and related concepts in the context 

of higher education (Article II). This research also constructed a holistic framework for data 

analytics in higher education (DAHE) to provide an integrated overview of the research 

domain. Critical dimensions of learning analytics are identified to construct a taxonomy of 

learning analytics applications in Article III. In Article IV, an Integrated Ontology of Learning 

Analytics (IOLA) is created as a knowledge presentation of the LA domain. Conceptual 

frameworks and roadmaps for applying learning analytics in different environments were 

developed and demonstrated in Section 5.1 and Article V. In Article V; we also presented a 

logical architecture of learning analytics for serious games. 

The study investigated the design of underlying information systems that support 

learning analytics. Particularly, we conceptualised, prototyped, demonstrated, and evaluated a 

set of design principles for LAIS in Article VI. Through the development of the LAIS 

prototype, we also showed the LAIS architecture and the abstraction of key learning analytics 

services. Finally, the fully functioning LAIS was implemented in a case study for exploring the 

challenges facing the implementation. 
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Table VIII-1: Associating Research Artefacts to Research Questions and Objectives 

Research 

Question 
Research Objectives Associated Research Artefacts 

 RO1. Propose a methodology to 

guide the research and promote 

knowledge accumulation and 

evolution 

RA1. Ontology-based Design Science 

Research (ODSR) Methodology 

RA2. Ontology-based Design Science 

Research (ODSR) Roadmaps and 

Guidelines 

RA6. Design Science-Based 

Methodology for Building Ontologies 

(DSBO) Framework 

RQ 1.  

What are the 

fundamentals 

of learning 

analytics and 

their 

applications? 

RO2. Distinguish and explain 

concepts involving the 

educational data analytics 

ecosystem 

RA3. A Holistic Framework for Data 

Analytics in Higher Education (DAHE) 

RA4. Set of Unified Definitions for 

Data Analytics in Higher Education 

RO3. Understand and define the 

key dimensions of learning 

analytics 

RA5. Multi-layered Taxonomy of 

Learning Analytics Applications 

RA7. Integrated Ontology of Learning 

Analytics (IOLA) RO4. Formally classify the 

applications of learning analytics 

RO5. Formally construct a 

knowledge presentation of the 

domain of learning analytics 

RA7. Integrated Ontology of Learning 

Analytics (IOLA) 

 

RO6. Create frameworks and 

roadmaps for applying learning 

analytics in different 

environments 

RA8. Unified Learning Analytics 

Framework (ULAF) 

RA9. Framework for Serious Games 

Analytics Specialised for People with 

Intellectual Disabilities (SGAPID) 
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Research 

Question 
Research Objectives Associated Research Artefacts 

RQ 2.  

How to 

design 

underlying 

information 

systems that 

support 

learning 

analytics? 

RO7. Create a set of design 

principles for learning analytics 

information systems (LAIS) 

RA11. Design Principles for Learning 

Analytics Information System (LAIS) 

RO8. Construct learning 

analytics architecture for 

managing processes and 

technologies 

RA10. Logical Architecture of 

Learning Analytics for Serious Games 

RA12. LAIS Architecture 

RO9. Develop a learning 

analytics system to support 

learning and teaching in higher 

education 

RA12. LAIS Architecture 

RA13. Abstraction of Key Learning 

Analytics Services 

RA14. LAIS Prototype 

RO10. Implement the design 

artefacts in real cases and 

explore the challenges facing the 

implementation 

RA14. Implementation of LAIS Design 

Principles 

RO11. Evaluate the outcomes 

from both theoretical and 

practical aspects 

All Research Artefacts (refer to Section 

7.2) 
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8.2. Research Contributions and Implications 

This study explores learning analytics in the context of higher education; it produced twelves 

research publications including: three journal articles, five full research papers in conference 

proceedings, and four other conference presentations. Each research article presented in this 

thesis has demonstrated its unique contributions to research. Taken together, this study benefits 

not only the field of learning analytics but also the related research domains. Specifically, the 

study made theoretical contributions to the understandings of learning analytics, ontology 

building, and DSR in IS. It also delivers multiple practical contributions for educational 

technologists, system developers, educational decision makers, teachers, and learners. Overall, 

this study uniquely contributes to five main research domains: 1) IS Methodologies; 2) 

Learning Analytics; 3) IS Knowledge Representation; 4) Educational IS (EIS), and 5) IS 

Education. 

Table VIII-2 maps the research contributions of each article into the five focal research 

domains. Hereafter, this section provides a summary of the research contributions, discussed 

in each of the individual articles, to the domains of interest. 

Table VIII-2: Mapping Research Contributions of Each Article 

Article 
Contributions 

to DSR 

Methods 

Contributions 

to Learning 

Analytics 

Contributions 

to Knowledge 

Management 

and 

Representation 

Contributions 

to IS 

Education 

Contributions 

to 

Educational 

IS 

Article I ✔  ✔   

Article II  ✔  ✔  

Article III  ✔ ✔   

Article IV ✔ ✔ ✔  ✔ 

Article V  ✔   ✔ 

Article VI  ✔  ✔ ✔ 

Thesis as a 

whole 
✔ ✔ ✔ ✔ ✔ 
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8.2.1. Contributions to Design Science Research in Information Systems 

Ontology-based Design Science Research (ODSR) methodology is one of the main 

contributions to IS research of this study. This study brought to the fore an ontological approach 

to design science in IS. Combining the forces of DSR and ontology engineering, ODSR 

represents a new research approach that enhances the collaborative innovation and knowledge 

accumulation in IS. ODSR delivers a unique process and guidelines to support the design, 

development, and evaluation of system artefacts from a semantics perspective. The application 

of ODSR can discover missing parts of the existing body of knowledge and deliver substantial 

support throughout the process of analysis, design, development, and evaluation in DSR 

(Nguyen et al., 2019). The proposed methodology represents an opportunity for researchers 

and practitioners to study and understand the domain of interest from both semantics and design 

perspectives. 

In Article I, we develop and describe the ODSR methodology. A framework for 

understanding, conducting, and evaluating ODSR was constructed by integrating the 

components adopted from both the DSR framework by Hevner et al. (2004) and the well-

known methodology for building ontologies by Uschold and King (1995). This paper also 

provides a detailed roadmap and guidelines for conducting and evaluating research following 

the ODSR method. In addition, an illustrated scenario was produced to demonstrate how ODSR 

could be adopted by DSR practitioners for knowledge accumulation and evolution (Nguyen et 

al., 2019). 

Furthermore, this doctoral thesis as a whole is an illustrated case for the application of 

ODSR. The adopted ODSR approach allows for the iteration of creating, and evaluating 

research artefacts, and mapping them to shared ontologies as domain knowledge 

representations. This study, guided by the ODSR methodology, produced several contributions 

to the relevant domains as demonstrated in the published articles and summarised here (Section 

8.2). Hence, the study establishes the utility of the proposed research approach that delivers 

unique values of ontology engineering to DSR.  

Another main contribution to IS methodologies is the framework of design science-

based methodology for building ontologies as described in Article IV (see Section 4.1.3). 

Although the design science approach has been adopted in several ontology studies in IS 

(Andersen et al., 2003; Ostrowski et al., 2014; Thuan et al., 2015), the detailed mechanism by 

which DSR activities could be applied to build an ontology has not been well established. The 

proposed framework integrates the renowned ontology building activities by Uschold and King 
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(1995) with the DSR process in IS (Hevner et al., 2004; Vaishnavi & Kuechler, 2005). The 

framework allows for understanding and administering the process of building and evaluating 

a domain-specific ontology. Consequently, the study contributes to the development of 

ontology engineering methods in IS. 

8.2.2. Contributions to Learning Analytics 

The focus of this study has been in the domain of learning analytics. While Chapter II, including 

Article I, sets out the research design for this study, the rest of the thesis seeks to explore the 

domain of learning analytics as well as its application in the context of higher education. 

Accordingly, this study has made essential contributions to the emerging field of learning 

analytics through the development, demonstration, and evaluation of the research artefacts.  

To continue discussions to establish a unified view of analytics in higher education 

(Baker & Inventado, 2014; Barneveld et al., 2012; Cooper, 2012; Sin & Muthu, 2015; Zouaq 

et al., 2013), the research embraced the conceptualisation and definition of learning analytics. 

In Article II, we reviewed the literature on learning analytics and relevant concepts: academic 

analytics and educational data mining. It contributes a set of unified definitions for each domain 

of data analytics in higher education. While the study distinguishes learning analytics from 

educational data mining and academic analytics, it highlights the relationship and 

interoperation of these research areas. Moreover, the study delivered a framework that supports 

educational stakeholders in decision-making regarding the application of learning analytics at 

the level of individual students, classes of students, the curriculum, schools, and educational 

systems.  

One contribution of this study is to offer an overview of learning analytics applications 

and reveal useful insights into the nature of learning analytics. Although the field of learning 

analytics is evolving exponentially, it is still immature and ontological insights are needed 

(Nguyen et al., 2017, 2018b). To date, only limited guidance has been established for 

educational designers and researchers when it comes to the applications of learning analytics 

in higher education. In Article III, we explored the main applications of learning analytics and 

formally classified them in a multi-layered taxonomy. The taxonomy acts as a guideline for 

educational stakeholders interested in this cutting-edge educational technology. This article has 

been frequently downloaded, viewed and received positive feedback from international 

academics (see Appendix 3). In Article IV, we further explored the domain of learning 

analytics and constructed a domain-specific ontology of learning analytics comprising the units 
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of knowledge for the process of learning analytics. The integrated ontology may support LA 

stakeholders to better understand objects of learning analytics and their interrelationship.  

Another contribution of this dissertation is to construct and demonstrate frameworks 

aiding the development and implementation of learning analytics. In Article V, we developed 

a framework for applying learning analytics that serves as a design tool for creating an inclusive 

learning environment in which each learner’s needs are addressed. This article examines the 

application of learning analytics in a specific context, serious gaming environments for people 

with intellectual disabilities. The Serious Games Analytics for People with Intellectual 

Disabilities (SGAPID) Framework was designed based on the Unified Learning Analytics 

Framework (described in Section 5.1). SGAPID guides the development of LA applications 

that not only provide insights about how learners are performing within the gaming 

environment, but also offer real-time, adaptive responses to enhance their learning experience. 

The study also provides insights for the design of underlying information systems that 

support learning analytics. In Article VI, we develop and evaluate a set of design principles 

for learning analytics information systems (LAIS) as a type of IS applied in the field of 

education. The design principles are prescriptive statements that establish the foundation of 

design actions (Baskerville & Pries-Heje, 2010; Chatterjee et al., 2017). In line with the recent 

calls to consider how LA should be applied to enhance learning and teaching in higher 

education (Daniel, 2017; Zhang et al., 2018), our study set a basis for further development and 

implementation of LAIS to support learning and teaching.  

8.2.3. Contributions to Knowledge Management and Representation 

This study made contributions to knowledge management and representation of the learning 

analytics domain. Knowledge management research considers concepts, tools, and methods 

supporting the management of human knowledge (Jurisica et al., 2004) whereas knowledge 

representation focuses on representing the concepts and information in a form that can be 

utilised by a computer system (Sabri, Odeh, & Saad, 2017; Sowa, 2000). For decades, 

taxonomy and ontology have been widely used for establishing domain-specific knowledge 

representation and constructing knowledge management systems (Jurisica et al., 2004; 

Kwasnik, 1999; Lim et al., 2011). Accordingly, our study offered a taxonomy of learning 

analytics applications (Article III) and a domain-specific ontology of learning analytics 

(Article IV).  

This study also contributed to the systematic classification of concepts within the 

domain of learning analytics. In Article III, we constructed a multi-layered taxonomy that 
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classifies the applications of learning analytics and their main properties. Taxonomies are 

classification schemes that establish the foundations of the representation of entities and 

relationships in an ontology that reflect knowledge of the domain being classified (Kwasnik, 

1999). Our taxonomy does not only offer a systematic view of learning analytics applications 

but also contributes toward the construction of a domain-specific ontology.  

Another main contribution of this study is to establish knowledge representation of 

entities within the LA domain and their relationships. Notably, in Article IV, we built an 

ontology of learning analytics. Ontology has been a branch of research about the nature of 

existence, the formal structure of being and their relationships. In IS research, an ontology is a 

practical application of philosophical ontology comprising a set of explicit named and defined 

classes, types, properties, and interrelationships of the entities which represent knowledge of a 

specific domain. This study offers a semantic view of the LA domain through the construction 

of an ontology.    

8.2.4. Contributions to IS Education 

This study has a number of practical implications for IS educators and educational researchers. 

For instance, Article II proposed a comprehensive framework envisioned to integrate the 

current research areas on data analytics in higher education. The study offers IS educators and 

researchers an overview of the status of the research and theoretical perspectives on educational 

data analytics. 

Our research presents a case study that applies learning analytics to support learning 

and teaching in IS courses (See Sections 6.1.5 and 6.2). The recent literature has shown the 

helpful features of learning analytics in various practical applications related to predictive 

analysis, personalised and adaptive learning, user behaviour and engagement modeling 

(Brown, 2012; Fournier et al., 2011; Siemens & Long, 2011). However, very little is known 

about how learning analytics can be successfully implemented in higher education to support 

learning and teaching. This study provides evidence that learning analytics could offer relevant 

indicators for pedagogical practices. Through the design and implementation of learning 

analytics, this study attempted to offer insights into challenges and recommendations for future 

applications.  

There are a few remaining challenges and questions to be explored with regard to the 

design and implementation of learning analytics at the tertiary level. These include the ease of 

use and access, subjective interpretation of reported information, ethical issues and dilemmas, 

resource requirements, and required expertise. Lessons learned in this study could provide 
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valuable insights for future research and development. DSR is an iterative process involving 

several cycles of development, demonstration, and evaluation of research artefacts (Lobato et 

al., 2015). Practitioners and researchers could embrace the considerations drawn from our 

findings to avoid similar failures, and leverage success in their future endeavours to apply LA 

in higher education. 

8.2.5. Contributions to Educational Information Systems 

This study introduced learning analytics information systems (LAIS) as a class of information 

systems (IS). This class of IS described through our research presents similarities and 

differences to other classes of educational IS (EIS), such as learning management IS. However, 

the focal purposes differ and so do the underlying design principles. While learning 

management systems (LMS) usually aim at delivering learning materials and providing access 

to distance learning (Dahlstrom et al., 2014), the class of IS described in this study aims at 

supporting learning and teaching with actionable insights revealed from educational data. 

Instead of suggesting that LMS might have a learning analytics function, we have argued that 

examining LAIS as a new genre of EIS can maximise its impact in different educational 

settings.  

One of our significant contributions is a set of design principles for developing and 

implementing LAIS (Article VI). Through demonstration and evaluation, we show the 

feasibility of realising this type of IS in the context of higher education. Furthermore, our 

findings from the case study revealed essential insights for consideration in developing and 

implementing LAIS. For instance, from the lecturers’ perspective, the findings indicate that the 

design and development of LAIS should consider the importance of the end-user experience, 

i.e., the ease of use and access as well as the appropriateness and flexibility of the delivered 

information. Furthermore, this study demonstrates how LAIS enables teachers to provide focus 

feedback to students. Our exploration of using LAIS implies that this type of systems could be 

applied to enhance learning experience and hence improve learning performance. Furthermore, 

our findings report the students’ demands for system feedback on their progress, the context of 

their progress in a class, or the context of their career objectives. 

Another contribution to the domain of EIS development is the conceptual frameworks 

for creating LAIS. For instance, the Unified Learning Analytics Framework (ULAF) may be a 

useful tool that helps educational technologists, and researchers better understand the 

fundamental components of a LAIS in order to develop a capable system. Educational 

technologists and designers can identify what technological affordances may need to be 
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enhanced or added to LAIS. SGAPID, as a derived framework from ULAF, guides the 

application of learning analytics in serious games for people with intellectual disabilities 

(Article V). Furthermore, the four steps of application of SGAPID may help designers and 

developers to create and evaluate user-centred serious games analytics.  

8.3. Limitations and Future Research Directions 

This study has a few restrictions and limitations. This section summarises the limitations and 

future directions of the research that were presented in the individual articles. 

First, we acknowledge that there are other perspectives that could be further examined 

to guide the design and development of LAIS. For example, instead of focusing on the 

requirements from the stakeholders, the design principles of LAIS could be conceptualised 

differently. For instance, the conceptualisation can be driven by different curricular models or 

theories of educational psychology. In general, additional iterations of demonstration and 

evaluation could be conducted in a different context to revise the research artefacts to validate 

their generalisability. Future research may also consider the benefits for institutional 

administrators. 

Although our LAIS prototype is a fully functioning system, it implements only a single 

learning analytics service for the purposes of demonstration and evaluation of the design 

principles. Future work could examine the implementation of other LA services to further 

evaluate the utility of LAIS design principles. Moreover, further experimental and field studies 

of LAIS are also envisaged.  

Future studies should also investigate the applications of artificial intelligence (AI) to 

recommend important indicators which educational stakeholders at a specific level have not 

primarily considered. For example, researchers may examine the use of AI to analyse the 

activities performed not only by decision makers but also by those of the related stakeholders. 

The decision makers throughout the educational system may receive useful information that 

was not available previously.   

IS researchers and practitioners may consider applying learning analytics to investigate 

perceived belonging in higher education. For instance, social interactions on collaborative 

platforms could be captured and analysed to reveal student engagement and loyalty to the 

institution. This information can be fed into the institution's alumni organisation or recruitment 

processes. Future studies may also examine the use of learning analytics to analyse student 

activities and report their course/career decisions and progress towards the graduate profiles. 
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One instance could have institutional administrators use this information to eliminate less-

effective activities while promoting useful after-class programs to the students. 

Lastly, we acknowledge that the definition of objects and their properties in our 

taxonomy and ontology is subject to certain limitations because the context of higher education 

is complex and changes over time. More work is required to refine the knowledge 

representation of the LA domain. Future studies may also utilise our ontology of learning 

analytics and adopt the ODSR approach for further design and development of LAIS. 

Moreover, IS researchers are encouraged to apply and evaluate the ODSR approach in other 

contexts. 

8.4. Final Remarks 

This chapter has summarised the thesis and concluded how we addressed the two main research 

questions framed within the contextual framework. It then highlighted the main contributions 

and implications of this research. Finally, this chapter acknowledged the potential limitations 

and suggested future research directions. 

The thesis has presented a thorough exploration of learning analytics in the context of 

higher education. Although research has demonstrated the usefulness of learning analytics to 

support learning and teaching, these technologies have not yet been seen widely in higher 

education. Our study hopes to provide an overview of the learning analytics domain and 

establish a foundation for further development and implementation of learning analytics 

information systems (LAIS). We constructed a taxonomy and an ontology to organise the field 

knowledge for academia, institutional decision-makers, developers and others. It is hoped that 

this study has provided some semantic and systematic understanding of the concepts within the 

domain of learning analytics.  

This research explained the potential opportunities associated with incorporating DSR 

and ontology engineering to enhance knowledge accumulation and evaluation. The thesis 

proposed and demonstrated the Ontology-based Design Science Research (ODSR) approach 

which used an ontology as a knowledge sharing mechanism in which researchers assemble 

knowledge parts throughout the DSR process. The proposed methodology could not only 

enable effective and formal knowledge sharing between researchers and practitioners but also 

help to determine the significance of a particular DSR study. 

Using ODSR to guide its course, this study makes both practical and theoretical 

contributions to the development and implementation of information systems that support 
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learning and teaching in higher education. We proposed LAIS as a new class of educational IS 

(EIS). Through the iterative DSR cycles, we established a set of design principles for LAIS 

that would serve as a guideline for further development and implementation of such systems. 

The set of design principles for LAIS was initially created from theory-inspired 

conceptualisation based on the literature. It was then evaluated and revised through a process 

of demonstration and evaluation. Through the development of an operational prototype as an 

instance of the LAIS class, we examined the available learning platforms and tools with LA 

capabilities. We adopted and modified a Massive Open Online Course (MOOC) platform with 

advanced LA features for a small-scale implementation of LA in Small Private Online 

Classroom (SPOC) settings.  

As the design and implementation of large-scale data analytics in education are 

complex, it is assumed that widespread adoption of learning analytics will require a sustained 

effort over many years. In this study, we develop and implement a small-scale LAIS to support 

daily activities in learning and teaching. Our implementation of LAIS demonstrates the 

feasibility of applying learning analytics with limited resources. The application of learning 

analytics in higher education could offer the stakeholders useful insights into the process of 

learning and teaching for self-regulation.  For instance, students could use LA feedback to self-

regulate their learning behaviour and engage in deep learning. Perhaps the findings may 

encourage instructional designers and educators to explore and adopt the proposed framework 

and workflow to further develop and implement learning analytics while concurrently 

enhancing the framework, its taxonomy, and ontology. The researchers had to confront a few 

challenges; lessons were learned from the design and implementation of learning analytics at a 

university. These could provide useful insights for future research and development of LAIS.  

This study contributes to increasing awareness of the opportunities related to the design 

and application of learning analytics to improve learning and teaching. It is hoped this study 

may inspire future research and development in the application of this educational technology. 

Evidence that innovative forms of instructional materials, methods, and analytics provide new 

learning solutions may be timely given the rising expectations of society for an educated and 

flexible workforce. The goal of this doctoral thesis as a whole is to motivate the design and 

development of LAIS to facilitate and support the challenges faced at all levels of education in 

order to fully realise its potential.  
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ADDENDA  

The following changes were made to the original published articles for the consistency and 

coherence through the thesis.  

• Regarding Article IV (Section 4.2), the title of the original published article has been 

modified to make the textual flow consistent with this document. 

• In all articles, the figure and the table captions have been updated to be consistent with 

the overall thesis. 
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APPENDICES 

Appendix 1. Student Survey Questions and Results 

Constructs Based on Code Question 

Perceived ease of 

use 

(EU) 

Regarding the system for lecture recordings, do you think: 

Davis (1986) 

Abbad et al. 

(2009) 

EU01 My interaction with the system is clear and 

understandable. 

EU02 Getting information from the system is easy. 

EU03 Overall, I find the system easy to use. 

System quality 

(SQ) 

Regarding the system for lecture recordings, do you think 

Lwoga 

(2014) 

SQ01 The response time of the system is consistent. 

SQ02 The response time of the system is reasonable. 

SQ03 The layout of the system is user-friendly. 

SQ04 The layout of the system has a good structure. 

SQ05 The speed of the Internet connection is 

acceptable. 

Use of learning 

analytics by 

lecturers/teachers 

(UT) 

Would you agree that the learning system (e.g. Canvas) should provide 

lecturers the following information? 

Ifenthaler & 

Mauriello 

(2016) 

 

Nguyen, 

Gardner, & 

Sheridan 

(2017) 

 

UT01 Early alerts of students that are at risk of 

failing. 

UT02 Notifications about learning content that 

students appear to find difficult to understand. 

UT03 A summary of individuals’ learning progress, 

including when and how a particular student 

learned. 

UT04 A summary of the overall learning progress of 

the class, including when and how the class 

learned. 

UT05 A visualisation of individuals’ learning 

activities over time. 

UT06 A visualisation of the entire class’s learning 

activities over time. 

Ethical concerns 

(EC) 

Are you concerned about ethical issues regarding the use of learning 

data to improve learning and teaching? 

Pardo & 

Siemens 

(2014) 

 

Ifenthaler & 

Mauriello 

(2016) 

 

Slade & 

Prinsloo 

(2013) 

EC01 I am concerned about data anonymity in my 

courses. 

EC02 I am concerned about data privacy in general. 

EC03 I am concerned about data security. 

EC04 I am concerned about the transparency of the 

process. 

EC05 I am concerned about the period of time for 

which data and outcomes will be stored. 

EC06 I am concerned about how the staff could use 

the information provided by learning 

analytics. 
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Would you agree that the learning system (e.g. Canvas) should provide 

lecturers the following information? 

Early alerts of students at risk of failing. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly disagree 1 .7 .8 .8 

Disagree 2 1.4 1.6 2.4 

Somewhat disagree 1 .7 .8 3.2 

Neither agree nor disagree 12 8.5 9.5 12.7 

Somewhat agree 21 14.8 16.7 29.4 

Agree 45 31.7 35.7 65.1 

Strongly agree 44 31.0 34.9 100.0 

Total 126 88.7 100.0  

Missing System 16 11.3   

Total 142 100.0   

 

Would you agree that the learning system (e.g. Canvas) should provide 

lecturers the following information? 

Notification about learning content that students appear to find difficult to 

understand. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Neither agree nor disagree 5 3.5 4.0 4.0 

Somewhat agree 9 6.3 7.1 11.1 

Agree 49 34.5 38.9 50.0 

Strongly agree 63 44.4 50.0 100.0 

Total 126 88.7 100.0  

Missing System 16 11.3   

Total 142 100.0   
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Would you agree that the learning system (e.g. Canvas) should provide 

lecturers the following information? 

A summary of the class’s learning progress, including when and how the class 

learned. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 1 .7 .8 .8 

Somewhat disagree 1 .7 .8 1.6 

Neither agree nor disagree 10 7.0 7.9 9.5 

Somewhat agree 25 17.6 19.8 29.4 

Agree 45 31.7 35.7 65.1 

Strongly agree 44 31.0 34.9 100.0 

Total 126 88.7 100.0  

Missing System 16 11.3   

Total 142 100.0   

Would you agree that the learning system (e.g. Canvas) should provide 

lecturers the following information? 

A visualisation of individuals’ learning activities over time. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly disagree 2 1.4 1.6 1.6 

Disagree 4 2.8 3.2 4.8 

Somewhat disagree 5 3.5 4.0 8.7 

Neither agree nor disagree 16 11.3 12.7 21.4 

Somewhat agree 25 17.6 19.8 41.3 

Agree 35 24.6 27.8 69.0 

Strongly agree 39 27.5 31.0 100.0 

Total 126 88.7 100.0  

Missing System 16 11.3   

Total 142 100.0   
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Would you agree that the learning system (e.g. Canvas) should provide 

lecturers the following information? 

A visualisation of the entire class’s learning activities over time. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly disagree 2 1.4 1.6 1.6 

Disagree 2 1.4 1.6 3.2 

Somewhat disagree 1 .7 .8 4.0 

Neither agree nor disagree 13 9.2 10.3 14.3 

Somewhat agree 27 19.0 21.4 35.7 

Agree 38 26.8 30.2 65.9 

Strongly agree 43 30.3 34.1 100.0 

Total 126 88.7 100.0  

Missing System 16 11.3   

Total 142 100.0   

 

Are you concerned about ethical issues regarding the use of learning data to 

improve learning and teaching? 

I am concerned about data anonymity in my courses (defined below [1]). 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 2 1.4 1.8 1.8 

Somewhat disagree 2 1.4 1.8 3.5 

Neither agree nor disagree 19 13.4 16.7 20.2 

Somewhat agree 24 16.9 21.1 41.2 

Agree 28 19.7 24.6 65.8 

Strongly agree 39 27.5 34.2 100.0 

Total 114 80.3 100.0  

Missing System 28 19.7   

Total 142 100.0   
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Are you concerned about ethical issues regarding the use of learning data to 

improve learning and teaching? 

I am concerned about data privacy in general (defined below [2]). 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 2 1.4 1.8 1.8 

Somewhat disagree 1 .7 .9 2.6 

Neither agree nor disagree 14 9.9 12.3 14.9 

Somewhat agree 24 16.9 21.1 36.0 

Agree 29 20.4 25.4 61.4 

Strongly agree 44 31.0 38.6 100.0 

Total 114 80.3 100.0  

Missing System 28 19.7   

Total 142 100.0   

 

Are you concerned about ethical issues regarding the use of learning data to 

improve learning and teaching? 

I am concerned about data security (defined below [3]). 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 4 2.8 3.5 3.5 

Somewhat disagree 3 2.1 2.6 6.1 

Neither agree nor disagree 13 9.2 11.4 17.5 

Somewhat agree 19 13.4 16.7 34.2 

Agree 34 23.9 29.8 64.0 

Strongly agree 41 28.9 36.0 100.0 

Total 114 80.3 100.0  

Missing System 28 19.7   

Total 142 100.0   
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Are you concerned about ethical issues regarding the use of learning data to 

improve learning and teaching? 

I am concerned about the transparency of the process (defined below [4]). 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 3 2.1 2.6 2.6 

Somewhat disagree 2 1.4 1.8 4.4 

Neither agree nor disagree 18 12.7 15.8 20.2 

Somewhat agree 22 15.5 19.3 39.5 

Agree 31 21.8 27.2 66.7 

Strongly agree 38 26.8 33.3 100.0 

Total 114 80.3 100.0  

Missing System 28 19.7   

Total 142 100.0   

Are you concerned about ethical issues regarding the use of learning data to 

improve learning and teaching? 

I am concerned about the period of time for which data  and outcomes will be 

stored. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly disagree 2 1.4 1.8 1.8 

Disagree 6 4.2 5.3 7.0 

Somewhat disagree 7 4.9 6.1 13.2 

Neither agree nor disagree 15 10.6 13.2 26.3 

Somewhat agree 23 16.2 20.2 46.5 

Agree 28 19.7 24.6 71.1 

Strongly agree 33 23.2 28.9 100.0 

Total 114 80.3 100.0  

Missing System 28 19.7   

Total 142 100.0   
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Are you concerned about ethical issues regarding the use of learning data to 

improve learning and teaching? 

I am concerned about how the staff could use the information provided by 

learning analytics. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 3 2.1 2.6 2.6 

Somewhat disagree 4 2.8 3.5 6.1 

Neither agree nor disagree 18 12.7 15.8 21.9 

Somewhat agree 22 15.5 19.3 41.2 

Agree 35 24.6 30.7 71.9 

Strongly agree 32 22.5 28.1 100.0 

Total 114 80.3 100.0  

Missing System 28 19.7   

Total 142 100.0   

 

Regarding the system for lecture recordings, do you think…  

My interaction with the system is clear and understandable. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 1 .7 .8 .8 

Somewhat disagree 2 1.4 1.7 2.5 

Neither agree nor disagree 9 6.3 7.5 10.0 

Somewhat agree 27 19.0 22.5 32.5 

Agree 43 30.3 35.8 68.3 

Strongly agree 38 26.8 31.7 100.0 

Total 120 84.5 100.0  

Missing System 22 15.5   

Total 142 100.0   
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Regarding the system for lecture recordings, do you think… 

Getting information from the system is easy. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Disagree 1 .7 .8 .8 

Somewhat disagree 4 2.8 3.4 4.2 

Neither agree nor disagree 11 7.7 9.3 13.6 

Somewhat agree 27 19.0 22.9 36.4 

Agree 38 26.8 32.2 68.6 

Strongly agree 37 26.1 31.4 100.0 

Total 118 83.1 100.0  

Missing System 24 16.9   

Total 142 100.0   

 

Regarding the system for lecture recordings, do you think…  

Overall, I find the system easy to use. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Somewhat disagree 2 1.4 1.7 1.7 

Neither agree nor disagree 11 7.7 9.2 10.8 

Somewhat agree 23 16.2 19.2 30.0 

Agree 43 30.3 35.8 65.8 

Strongly agree 41 28.9 34.2 100.0 

Total 120 84.5 100.0  

Missing System 22 15.5   

Total 142 100.0   
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Regarding the system for lecture recordings, do you think… 

The response time of the system is consistent. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly disagree 2 1.4 1.7 1.7 

Disagree 3 2.1 2.5 4.2 

Somewhat disagree 3 2.1 2.5 6.7 

Neither agree nor disagree 18 12.7 15.0 21.7 

Somewhat agree 23 16.2 19.2 40.8 

Agree 41 28.9 34.2 75.0 

Strongly agree 30 21.1 25.0 100.0 

Total 120 84.5 100.0  

Missing System 22 15.5   

Total 142 100.0   

 

Regarding the system for lecture recordings, do you think… 

The response time of the system is reasonable. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly disagree 2 1.4 1.7 1.7 

Somewhat disagree 2 1.4 1.7 3.3 

Neither agree nor disagree 15 10.6 12.5 15.8 

Somewhat agree 22 15.5 18.3 34.2 

Agree 49 34.5 40.8 75.0 

Strongly agree 30 21.1 25.0 100.0 

Total 120 84.5 100.0  

Missing System 22 15.5   

Total 142 100.0   
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Regarding the system for lecture recordings, do you think… 

The layout of the system is user-friendly. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

Valid Strongly disagree 1 .7 .8 .8 

Disagree 2 1.4 1.7 2.5 

Somewhat disagree 7 4.9 5.8 8.3 

Neither agree nor disagree 11 7.7 9.2 17.5 

Somewhat agree 26 18.3 21.7 39.2 

Agree 42 29.6 35.0 74.2 

Strongly agree 31 21.8 25.8 100.0 

Total 120 84.5 100.0  

Missing System 22 15.5   

Total 142 100.0   

 

Regarding the system for lecture recordings, do you think… 

The speed of the Internet connection is acceptable. 

 
Frequency Percent Valid Percent 

Cumulative 

Percent 

alid Strongly disagree 1 .7 .8 .8 

Disagree 1 .7 .8 1.7 

Somewhat disagree 7 4.9 5.8 7.5 

Neither agree nor disagree 10 7.0 8.3 15.8 

Somewhat agree 22 15.5 18.3 34.2 

Agree 50 35.2 41.7 75.8 

Strongly agree 29 20.4 24.2 100.0 

Total 120 84.5 100.0  

Missing System 22 15.5   

Total 142 100.0   
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Appendix 2. Process for Thematic Analysis of Interviews with the Lecturers 

As the main objective of the interviews was to evaluate the use of LAIS and explore any side 

effects or undesirable consequences, the thematic analysis is constructionist in that it explores 

how a certain reality is created by the data. We analyse the interview using a recursive process 

consisting of six steps: 

1.

 Familiarisation 

with the 

research data

2.

 Coding

3.

 Searching for 

themes

4.

Reviewing 

themes

5.

Defining and 

naming themes

6.

Writing up

 

Figure VIII-1: Thematic analysis process for interviews with the lecturers 

a) Step 1: Familiarisation with the research data 

The initial step of the analysis involved repeatedly reading of the interview transcripts in an 

active manner to become immersed in and intimately familiar with the data. While reading and 

re-reading the manuscripts, we actively looked for potential key patterns and meanings in the 

interviews.  

b) Step 2: Coding 

After becoming familiar with each interview, the transcripts were coded line‐by‐line for 

specific themes. In accordance with the objective of the interview, we used a deductive 

approach to develop the coding and themes, and this process was initially directed by existing 

notions about the two initial themes at the highest level: 

(1) The perceived usability and usefulness; and 

(2) Difficulties and concerns related to the use of LAIS. 

c) Step 3: Searching for themes 

We inspected the codes and collated data to check for patterns of variability and consistency 

across all transcripts. Furthermore, significant broad patterns of meaning were used to identify 

any additional potential themes. We also identified more specific subthemes for each candidate 

theme. 
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d) Step 4: Reviewing themes 

We examined and refined the candidate themes against the dataset to determine whether they 

present underlying meanings of the data and address the objective of the interviews. We also 

reviewed the themes to ensure that the coded extracts of participants’ accounts formed a 

coherent pattern. 

e) Step 5: Defining and naming themes 

We analysed the revised themes in detail and determined the scope and focus of each theme to 

explore the story of each one. In this step, we developed an informative name for each theme: 

• Perceived usability and usefulness and 

• Subjective interpretation of reported information. 

f) Step 6: Writing up 

We created the analytic narrative and themes and then contextualised the analysis in relation to 

relevant literature. The results were written and reported in this research paper. 
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Appendix 3. Feedback from Domain Experts 
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