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Introduction

Globally there has been a significant move towards a more data-driven culture. This entails 
collecting and analysing data to provide actionable information to decision makers that 
could steer the strategic direction of their institution (Long & Siemens 2011; Van Barneveld 
Arnold & Campbell 2012). Several South African Higher Education Institutions (HEIs) have 
started to appropriate critically the notion of “data-driven decisions”, in the hope of using 
the insights from analytics to reduce potential risks. For higher education institutions, these 
risks are predominantly linked to student academic success. There are multiple risk factors 
that may cause a student to drop out or to fail, such as the absence of adequate financial 
and emotional support. National governing agencies, now more than ever, focus on using 
the data reported by higher education institutions to inform decisions on funding, academic 
programmes and other interventions. Analytics provides a ‘knowledge nugget’ to HEIs. It 
serves as an entry point towards a better understanding of the student body. The use of 
advanced data analytics gives institutions more information about their students than ever 
before. With data analytics, institutions are able to develop metrics for the calculation of 
retention rates, success rates, graduation rates, throughput rates, staff-student ratios and a 
whole range of other indicators providing more knowledge about their institution (Volkwein 
2011). The massification in higher education, both nationally and internationally, has, 
however, resulted in the diversification of the student body in terms of the preparedness of 
students and their social, cultural and financial background, and the concomitant financial-
political pressures. There is thus a compelling case for HEIs to gather and analyse data to 
enable them to know ‘more’ and to know it ‘sooner’ in order to identify academic or other 
risks in students at an early stage, and to recommend appropriate interventions (MacGregor 
2014; Van Dyk & Weideman 2004).

International perspectives on data analytics

Analytics converges at three levels of influence: the macro (the national perspective 
generally based on historical data including success indicators), the meso (the institutional 
level), and the micro level (the student and lecturer, incorporating real time data) (Campbell 
et al. 2007; Norris et al. 2008; Long and Siemens 2011). In an educational environment 
analytics is used to generate information that is regarded as actionable “intelligence” to 
improve teaching, learning, and student success (Campbell et al. 2007), and can further 
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be distinguished in two education-specific domains, namely learning analytics (LA) and 
academic analytics (AA).

This has led to the sprouting of multiple new research fields, tools and techniques that are 
explored and deployed by institutions to enhance an information-driven culture. These 
developments make it important to establish a common language to ensure that there is 
transparency in research aims, methodology and analysis (Van Barneveld et al. 2012). Long 
and Siemens (2011) compared the two analytical domains of learning analytics (LA) and 
academic analytics (AA) on the basis of (a) the level on which an analysis of data is done 
and (b) the beneficiaries of an analysis. The representation in Table 1 below illustrates the 
differences between LA and AA. 

Table 1:	 Learning and academic analytics

Learning and Academic Analytics

Type of Analytics Level or Object of Analysis Who Benefits?

Learning Analytics
Course-level: social networks, 
conceptual development, discourse 
analysis, “intelligent curriculum”

Learners, faculty

Departemental: predictive modeling, 
patterns of success/failure

Learners, faculty

Academic Analysis
Institutional: learner profiles, 
performance of academics,  
knowledge flow

Administrators, funders, marketing

Regional (state/provincial): 
comparisons between systems

Funders, administrators

National and International National governments, educational 
authorities

(Long & Siemens 2011:34)

Academic analytics

Campbell et al. (2007) hold that AA consists of an analysis of data by means of statistical 
and predictive modelling techniques in an effort to identify performance indicators. AA is 
conducted with the aim of “… improv[ing] organizational processes, workflows, resource 
allocation, and institutional measurement through the use of learner, academic, and 
institutional data” (Elias 2011:4; Long & Siemens 2011:34). Its focus is predominantly on 
the macro and meso levels of analysis and traditionally fits in the domain of institutional 
research. The notion of the beneficiaries of the analytics is used to make a distinction 
between different types of analytics (Long & Siemens 2011; Van Harmelen & Workman 
2012). The metrics derived from AA provide institutions with the input and output metrics 
at an institutional level, but say very little about the learning process and how it relates to 
the characteristics of the learner in the learning process (Rassen et al. 2013). According 
to the definition of Long and Siemens (2011), AA generally does not provide actionable 
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information at the level of the individual student nor at the level of similar groups of students 
(Rassen et al. 2013). Chatti et al. (2012), however, point to examples in the literature on 
AA that do focus on the identification of students who are deemed as “at-risk” for possible 
failure or drop-out. The information typically used is, however, focused on success rates 
and no information about the learning experience and environment is incorporated into AA 
level analysis. 

Learning analytics

Long & Siemens (2011:34 ) call analytics at the level of the individual student and their 
learning, Learning Analytics, and define it 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. Learning analytics are largely 
concerned with improving learner success”. Chatti et al. (2012) consolidate the differences in 
the views of various authors by emphasising that the purpose of LA is to convert educational 
data into useful actions to foster learning. In recent years, LA has emerged as a specific focus 
area in IR and has evolved as a critical entry point on student data in an effort to gain a 
better insight into the student learning experience. What makes LA unique is the fact that it 
harnesses real time data about student performance and analyses the data in a short return 
time in order to enable institutions to provide custom-made interventions for individual 
students before it is too late for them to benefit from such interventions (Czerkawski 2015; 
Dietz-Uhler & Hurn 2013; Elias 2011). 

The difference between LA and AA is sometimes difficult to explain because both of these 
dimensions of IR relate to the same overarching themes and spheres, namely teaching and 
learning (Van Barneveld, et al. 2012). Acting on the results of LA, including social network 
analysis, institutions develop and implement various interventions to enhance student 
success (Czerkawski 2015), ranging from financial support to student engagement. 

Applications of Learning Analytics

There are various applications tools – either designed or built by individual institutions 
or obtained as commercially available products – to enhance student success. A leading 
example of an institutionally developed software application is Purdue Signals. This 
application takes 44 indicators into account. Based on the individual student’s characteristics 
and performance, the program then assigns a red, green or yellow colour to the student. The 
red signal means the student is at risk, the yellow signal that there might be some indication 
of risk and the green one that the student is not at risk (Arnold 2010; Arnold & Pistilli 2012; 
Campbell et al. 2007).

Desire2Learn is another example of an early warning system used within the LA context. Essa 
and Ayad (2012) argue that the experience of the lecturer, the level of academic challenge 
and the motivations of students all have to be taken into account in the prediction of student 
success. The Desire2Learn platform takes multiple factors into account and integrates 
multiple data sources in an effort to build a detailed profile of the individual student. Essa 
and Ayad (2012) concluded that the application known as Course Signals does not follow 
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the optimal approach because it utilises a single predictive model. They have therefore 
designed the Student Success System (S3). This system focuses on course level prediction 
with the purpose of designing and customising interventions at the course level.

As we have mentioned, the ‘globalisation’ of data-driven decision-making has resulted in 
an exponential growth of research fields that have the aim of supporting and enhancing 
evidence-based change. The conceptual understanding and underpinning of the influence 
of these fields on educational practice is to be welcomed. It is imperative that the capacity 
and technology to sustain them be made available. A significant amount of research focusing 
on the nature of LA is currently being undertaken. Czerkawski (2015) and Dietz-Uhler and 
Hurn (2013) list a range of recent projects that focus on the conceptual understanding 
and positioning of LA. The study of Sclater (2014) can serve as a good example of this 
type of research. Sclater investigated the understanding and adoption of LA as it is used 
in the UK and illustrates how institutions should implement it. Sclater found that there are 
misconceptions about AA and LA in practice. Amongst the institutions that he surveyed, 
only three were found that had institution-wide LA systems. In his study, he focused on six 
dimensions involved in LA. These six dimensions provide key insights into the views of the 
stakeholders. They enhance the understanding of access to data, indicate the data sources 
to be incorporated in an LA system, define the internal limitations and external constraints 
in the development and implementation of LA, and examine the instruments deployed 
(Sclater 2014).

Different techniques can be used in LA depending on the objectives of the analytical 
task. The challenge is to design and develop useful statistical, visualisation, filtering, and 
mining tools that can help learners, teachers, and institutions to achieve their analytics 
objectives without the need for extensive knowledge of the techniques underlying these 
tools. Educational data-mining tools should be designed that can be used by non-expert 
users. Romero and Ventura (2010) point out that such tools can use a default algorithm 
for each mining task, and parameter-free algorithms to simplify the configuration and 
execution of the mining tasks. Guidelines on good interaction design should be taken into 
account to ensure a balance between the flexibility and usability of the tools (Chatti et al. 
2012). Sclater’s study shows, however, that the most advanced users regarded their own 
procedures and techniques as basic. These users regarded the institution’s LA activities as 
fragmented across the institution with many of the data owners wishing to control the data 
(Sclater 2014). Chatti et al. (2012) argue that the applications of LA go beyond the needs 
of institutional support services. LA also, and specifically, provides for the needs of lecturers 
and students. Access to student data related to their learning achievements is also usually 
limited to data owners, restricting its use by different users (Sclater 2014). Data protection 
and access rights are important factors in the establishment of an LA system, as are the types 
of data that are available (Sclater 2014).

The majority of the respondents to Sclater’s (2014) survey use different Learning Management 
Systems (LMS) and different combinations of analytical tools. Currently Blackboard Learn 
and Moodle seem to have the largest share in the UK. Dashboards constitute a large portion 
of the analytical tools. Some of these dashboards include indicators of student activity on the 
LMS, information on students’ use of the library, records of online submissions of assignments, 
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and the extent of the students’ use of tutor support systems (Sclater 2014). Some institutions 
have dashboards on student admissions, enrolment, assessment, graduation and drop-out 
rates which Sclater (2014) regards as forming part of AA. 

LA data can be extracted from a variety of sources in an institution. Student Information 
Systems (SIS) and LMS provide the majority of the data used for LA (Czerkawski 2015; 
Mattingly et al. 2012). Attendance records are also widely collected through various 
mechanisms such as data that are gathered manually and then uploaded to electronic 
systems or the use of student cards (Sclater 2014). Information on attendance at learning 
opportunities is generally considered to be a measure of engagement. This can be tracked 
with regard to lecture attendance, the use of the library or participation in other academic 
interventions (such as tutor and mentor events). Since LA data are gathered from various 
data sources, such as centralised data structures or distributed learning environments, and 
are based on various languages and formats, LA practitioners have to make sense of all these 
sources (Chatti et al. 2012). 

Centralised systems such as the SIS or the LMS hold student demographic data, grade scores 
and enrolment data. The data collected from LMS platforms contain data on the frequency 
and scope of student engagement with the system, measured as clicks, the submission of 
assignments, downloading content and taking tests (Romero & Ventura 2007). In contrast 
to the centralised model for data gathering and management, a typical distributed learning 
environment relies on technology such as the learning platform. Distributed learning 
practices incorporate learning objectives and instructional approaches in a comprehensive 
manner (Suthers & Rosen 2011). User-generated content generated through interaction 
with other technologies has led to the availability of a massive amount of data produced by 
students. Because of this rapid growth of user-generated data, LA has become increasingly 
more popular and important in analytics. The notion that educational data has to be 
collected from multiple sources is well represented by the personal learning environment 
(PLE) model (Chatti et al. 2012). The underlying notion of PLE is to provide students with 
personalised information of their academic performance and engagement, which gives 
them the opportunity of making changes to their learning environment or learning strategies, 
for instance. 

The limitations and constraints, and the legal and ethical factors related to the use of 
information on student learning are of great importance in any LA system (Czerkawski 2015; 
Greller & Drachsler 2012; Sclater 2014,). Many respondents in Sclater’s survey emphasised 
that legal and ethical considerations play a vital role in any LA system (Sclater 2014). The 
participants emphasised the importance of institutional policies related to the collection 
and use of LA data. Many institutions have developed policies in cooperation with different 
stakeholders, in particular with the students themselves. Chatti et al. (2012:9) emphasise 
that it is important to “detect and prevent data misuse, determine boundaries of analytics, 
preserve confidential user information, protect the identities of the users at all times, and 
think about our obligation to act on the basis of newly gained knowledge”. Slade and 
Prinsloo (2013) suggest that students should always have the choice of opting in or out when 
it comes to the collection and use of their data (Slade & Prinsloo 2013). 
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The development of modern technology has contributed to the use of more technological 
tools and instruments and has also made data available in vast amounts. This is also true 
in higher education institutions where vast amounts of data from students are nowadays 
available, including demographic information, information on academic preparedness (e.g. 
high school results or placement tests), programme information and rich information on 
students’ academic progress. Suthers and Rosen (2011), as cited by Chatti et al. (2012:8), 
maintain that “learning and knowledge creation are often distributed across multiple media 
and sites in networked environments”, so that “traces of such activity may be fragmented 
across multiple logs and may not match analytic needs” Suthers & Rosen 2011).

National perspective on learning analytics in SA

LA is still in its infancy in HEIs in South Africa. A number of institutions have developed 
promising practices in the field, extending from the conceptualising of student-centred 
models to the implementation of interventions to enhance student success. It is expected that 
the practice of LA and research on its impact will contribute towards a better understanding 
of the field and of what it may mean in South Africa. It is hoped that recent developments 
in LA will create a space for the sharing of concepts, ideas and tools, and that all of this 
will contribute to a better understanding of our students. The concept of LA was officially 
recognised at the inaugural South African Higher Education Learning Analytics (SAHELA) 
conference in 2013 that provided the platform for higher education institutions to elaborate 
on initiatives in this field. Although the presentations at this first SAHELA conference 
were insightful, they focused mostly on AA – emphasising the macro level of analyses and 
presented in aggregate format. There were presentations where the unit of analysis was, 
however, at the individual student level (n=1). 

These presentations gave an indication that some institutions were moving closer to the 
micro level of analysis and, to some extent, LA although their practice of analytics did 
not yet reflect the strict definition of LA, namely to improve teaching and learning at an 
individual or course level. Only a few institutions were able to close the proverbial “loop.” 
This starts with the identification of individual students or groups of students with similar 
needs for interventions and moves through to the implementation of appropriate monitoring 
and evaluation systems that can feed into the next cycle of analysis. The systemic efficiency 
and resource capacity of higher education institutions plays a pivotal role in ensuring that 
students are effectively and accurately tracked throughout their academic career. 

Closing the “loop” is a crucial function of any analytical cycle (Clow 2012; Mattingly et 
al. 2012). There is an interplay between the tracking of students and LA. This interplay 
predominantly focuses on the collection of data about student learning and the analysis of 
the data into metrics or analytics in order to provide better insight into the learning processes 
of students (Clow 2012). The metrics must then be used to drive one or more interventions 
that can have a positive impact on student success (Clow 2012). The challenge faced by 
many institutions is to identify the data relevant to the understanding of the “learners and 
their contexts”: learner profile data and academic performance data need to be merged 
for further analyses. Furthermore, the SAHELA conference hardly touched on the serious 
ethical issues raised by the analytical environment. As institutions start to develop more 
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sophisticated tools and techniques of collecting and analysing data about students – their 
demographics, personal circumstances, learning experiences, learning progression and even 
their conduct and habits in general – a range of ethical considerations come to the fore (see 
Chapter 17).

Implications of LA for institutional research

The two most widely accepted definitions of institutional research are Saupe’s (1990:1) 
notion of IR as a support for decision making, defined as “a set of activities supporting 
institutional planning, policy formation, and decision making”, and Fincher’s (1978:189) 
description of IR as “organizational intelligence”. Volkwein (2011:6) postulates an evolution 
of IR, as part of a “new accreditation philosophy” in the USA and beyond, where institutions 
and their stakeholders focus their attention on the measurement of the outcomes of 
educational programmes. This can be called a “results-focused approach”. A narrow focus 
on outcomes has, however, left institutions with summative reports that provide after-the-
fact results. According to Volkwein (2011), it leaves a void in formative information needed 
for internal development and educational enhancement: “To address this concern, process 
measures have been gaining renewed attention on the theory that good outcomes will not 
result from flawed educational processes and negative student experiences. Measurement 
at critical points during the educational process enables institutions to determine which 
student experiences are having the greatest (and least) impact and to make corrective 
intervention” (Volkwein 2011:6). 

The attention to the theory of process measures in IR offices has not yet worked through into 
practice. In most institutions reporting at meso level is still the dominant activity of IR offices. 
We maintain that this is because of a lack of quantifiable indicators related to teaching and 
learning. We also maintain that, as modes of teaching change toward blended or hybrid 
learning, LA will develop viable indicators to measure the teaching and learning processes. 
With this in mind, the practice of LA has important implications for IR offices. These will be 
discussed in the next section.

External reporting

As we have defined it above, the IR office has an important role in planning, policy formation, 
and decision making. The IR office is an important stakeholder in the theory and practice of 
analytics at any institution. These offices play a key role in supporting institutions to adapt 
to changes in the environment (Peterson 1999). IR offices are responsible for preparing 
institutional data to report internally or externally, such as to the Department of Higher 
Education and Training (DHET) with Higher Education Management Information System 
(HEMIS) data. This data is related to input and output data, with no reference to process 
data such as students’ educational experiences or reports on student learning. Process 
data, typically regarded as data generated throughout the teaching and learning process, 
is also typically omitted in internal reporting. Process data is (thus far) not required for 
external reporting. There is now a good opportunity for IR offices to incorporate the process 
data fields generated by LA. IR offices generally have the skill to aggregate the LA data in 
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formats that fit predefined performance indicators or quality assurance standards so that 
process indicators can be used in decision-making on teaching and learning at all levels in 
an institution. Reports on process data should ideally be included in reports to departmental 
heads, deans and the executive managers of higher education institutions. 

Understanding and supporting students

LA strives to understand students’ learning behaviour and the effects of the teaching 
practices on student learning. Prediction of future behaviour and the development and 
implementation of interventions are also some of the objectives of LA. Mattingly et al. 
(2012:240) provide a helpful description of the objectives of LA: 

“Learning analytics reveal data and information about usage, trends, and 
patterns of learning. Traditionally, student course evaluations provide data and 
information at the end of the semester, and have been based on openness and 
reflections of students who have completed the course. Learning analytics are 
collected before the end of the course, and can help to identify students who 
may be struggling during the course, and may include feedback about how 
participants are using the course content, and their level of participation”. 

This type of information is, however, seldom captured and used by centrally based IR offices, 
in particular when they support the planning processes in institutions, compile profiles 
of students, and recommend interventions to improve throughput or graduation rates or 
when they provide information to decision-makers who have to determine student–staff 
ratios. We maintain that a better understanding of students and their educational needs 
is indispensable knowledge for planning and decision-making and should be included in 
the data fields used by IR offices to generate information in support of decision making, in 
particular decision making aimed at the improvement of student success.

Improving teaching and learning

In the case of online, blended or hybrid learning activities, rich process information can 
be generated, analysed and used to improve teaching and learning. The use of technology 
in online and blended learning makes it possible to capture data about students’ online 
activities – including data on when, with whom, and with which content learners are 
engaging (Mattingly et al. 2012). The capturing, storing and analysis of this data can be used 
to determine which educational practices have the biggest impact on student success. Very 
often university lecturers researching educational data related to their students do not have 
sufficient skills or resources to perform such functions. IR offices can support lecturers in this 
task. IR offices can also supply additional information to lecturers and help them to connect 
various sources on activity data to make predictions about academic progress and future 
success (JISC 2011; Mattingly et al. 2012). IR offices can use this process data to provide rich 
information on student success, learner experience and resource management to lecturers 
and academic managers (JISC 2011). 

Botha J & Muller N (eds) 2016. Institutional Research in South African Higher Education. Stellenbosch: SUN PRESS

DOI: 10.18820/9781928357186/12 © 2016 AFRICAN SUN MeDIA



239

Learning Analytics: A South African Higher Education Perspective

Learner Analytics data and Institutional performance indicators

As we have mentioned, process indicators are rarely used by IR offices to report on teaching 
and learning. LA data can, however, be used to generate very valuable performance 
indicators. Such indicators can be linked as proxy indicators to key outcome indicators, such 
as student success indicators: “Learners, instructors, institutions, and regulatory agencies 
have overlapping interests that require different kinds of data collection and reporting, which 
in turn have impact on how institutions capture data, report findings, make predictions, 
design and develop strategies, and refine models” (Mattingly et al. 2012:241).

Quality assurance and accountability

LA can provide information that can be used to measure the quality of learning and to 
improve the teaching practices of academic staff. LA can be an additional source of data to 
understand student learning behaviours and engagement. The data can be communicated to 
key individuals related to quality units who can assist in identifying the type of data needed 
to evaluate a curriculum. The information generated by LA activities can therefore be used 
in the quality assurance processes and can also be incorporated in various other forms of 
reporting on institutional performance in the context of internal and external accountability 
requirements.

Mapping the status of Learning Analytics in South Africa

South African institutions do not have a common framework that allows for the internal 
evaluation of their analytical systems nor for scientific comparison or replication among 
institutions. Following the 2013 SAHELA conference it became clear that such a common 
framework for and mapping of the status of LA in different institutions can play an important 
role in advancing this field of research in South African Higher Education. For the purpose 
of mapping the state of LA in Higher Education Institutions, we propose that the Greller and 
Drachsler framework be used. 

Greller and Drachsler framework

The Greller and Drachsler framework consists of six dimensions that institutions need to 
focus on to develop an LA model, namely stakeholders, objectives, data, instruments, 
internal limitations and external constraints (Greller & Drachsler 2012). This framework 
closely resembles the framework proposed by Chatti et al. (2012) which is loosely based on 
the same six dimensions. These dimensions originated from a literature study of the existing 
research of a community of practitioners of learning analytics. A critical analysis of the body 
of research was conducted, followed by a synthesis of the information (Greller & Drachsler 
2012). The model was further refined through investigation of the significant developments 
of the field and exploration of the pertinent elements of related research projects (Greller & 
Drachsler 2012). From an international LA perspective, the development of the field of 
research highlighted several questions regarding, for instance, the target group of learning 
analytics, the objectives to be achieved and the management of privacy and data protection? 
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The framework in figure 1 broadly categorises the dimensions of LA into “hard” dimensions, 
which relate to the technology, theories, systems and data, and the “soft” dimensions, which 
relate to the ethical issues, acceptance of this model of LA by stakeholders and the 
competencies of LA practitioners. The soft issues are of particular importance, because, as 
the model develops, assumptions are continually made about human beings and/or society. 
If these assumptions are not considered carefully, they can be detrimental to the model, the 
stakeholders and the acceptance of the model (Greller & Drachsler 2012:43). 

Figure 1:	 Critical dimensions of Learner Analytics
	 (Greller & Drachsler 2012:44)

Stakeholders

The stakeholder dimension, according to Greller & Drachsler, consists of two “values” 
or elements that refer to the beneficiaries of the LA model and the data subjects or the 
suppliers of the data. “Data clients are the beneficiaries of the LA process who are entitled 
and meant to act upon the outcome (e.g. teachers). Conversely, the data subjects are the 
suppliers of data, normally through their browsing and interaction behaviour (e.g. learners)” 
(Greller & Drachsler 2012:45). The stakeholder dimension for the purpose of this study will 
consists of two elements, namely analytics and data users. The stakeholders in the analytical 
process cannot only refer to the data clients and subjects, but should arguably also include 
the practitioners of analytics (Sclater 2014). The underlying notion is that learning analytics 
should be dispersed to all the stakeholders, where even students are able to perform 
analytics with their own ‘learning’ data in order to reflect on the information and to act upon 
it. Similarly, the lecturers should perform analytics with their students and their course data 
to reflect on their teaching practices and to act upon their findings. The sophistication of the 
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system is determined through analytics that are available to all stakeholders for the benefit 
of their purpose or mandate. For the purpose of this study we will include the ‘analytics’ 
element with the Stakeholder dimension to show to what extent analytics is located across 
all the stakeholders in the institution. As the system matures, the stakeholders move from 
a macro or meso level to a micro level, where students are encouraged to reflect on their 
learning. The institution can use LA data in addition to AA to improve teaching and learning 
with the aim of improving outcome indicators, such as throughput and graduation rates. The 
data users in the context of this study will refer to the various stakeholders that are meant to 
benefit directly from the analytics.

Objectives

Greller and Drachsler (2012:47) focus on two objectives in their framework in order to 
consolidate the proliferation of possible institutional objectives of LA as described by Chatti 
et al. (2012). The two objectives are reflection and prediction. Reflection represented in 
the model refers to a critical self-evaluation of a student from his/her own data. It could, 
however, also refer to a reflection on a client’s data, such as in the case of a lecturer reflecting 
on the learning process of a student. Similarly, reflection could be at the institutional level, 
where homogeneous groups of students are evaluated and reflected upon. Prediction, on 
the other hand, suggests a statistical modelling of the data about the student learning process 
in order to provide support to students with similar characteristics to those of the target 
group modelled in the analysis. Both reflection and prediction analytics can be used at a 
micro level where it refers to reflection and prediction at a student and/or lecturer level. 
At a meso level the objectives refers to the reflection and prediction at an institutional or 
departmental level. 

Data

LA relies heavily on the data of students from an LMS or from other data sources. Greller and 
Drachsler’s focus on the data dimension is mainly on the availability or openness of LA data 
in the public domain (2012:48). As this research focuses on the availability of data within 
particular institutions, it was deemed more important, to know what type of data is collected 
and to determine the various time intervals of the collected data. Based on these findings, 
the researchers will make a qualitative judgement of the openness or not of the data and/ 
or of the extent of its availability. According to Greller and Drachsler (2012), a mature data 
dimension means that more frequent data outputs from multiple data sources are available 
to analysts. The maturity of an LA model is measured through the migration from a single 
simplex data source collected at a single time stamp to a more complex blended data source 
collected over multiple time stamps. 

Instruments

Greller and Drachsler (2012:49) call the technology and algorithms used in LA collectively 
the instruments component of their LA model. The technology element refers to the 
analytical application used to perform analytics, such as educational data mining, machine 
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learning or classical statistical techniques. Information generated through these technologies 
can be used in “information support systems” to report or visualize the student data (Greller 
& Drachsler 2012:49). The algorithms in the instruments dimension refer to the statistical 
algorithms that are used by the technology applications to transform data into information. 
The theoretical constructs that are referred to in the instruments dimension, such as student 
learning, should be operationalised appropriately and underpinned by theory. Greller and 
Drachsler stress that there be alignment in the theoretical construct being used, the algorithm 
and the technology that is being applied, and the methodologies that are otherwise followed. 
For the purpose of this study, we are primarily interested in the technologies that are used by 
institutions and how they are used in various systems. 

Internal limitations and external constraints

The instruments and data sources are always used within the constraints of internal 
limitations such as the knowledge and analytical skills of the staff working with LA models 
and data (Greller & Drachsler 2012:51), and the institutional culture and processes of 
change management operative in an institution (Greller & Drachsler 2012:50). LA is in an 
early developmental phase in South African HEIs. A reluctant or slow buy-in by stakeholders 
can also be an internal limitation. As mentioned earlier, the soft issues associated with an 
LA focus refer to the ethics of the LA practices and the uses of the information generated 
through LA. The legal obligations binding institutions, such as the protection of personal 
information in the governance and use of student data, must also be taken into account.

If the interplay between the six dimensions is optimised, the results can produce an 
efficient LA model. Sclater (2014) has demonstrated that the elements that constitute these 
dimensions can be used to measure the maturity of developing systems. 

Against the background of the nature of LA discussed thus far, we present the results of our 
investigation of the maturity levels of LA in a number of South African higher education 
Institutions in the next section.

Methodology

This study is explorative in nature and aims to measure the maturity of LA at a number of 
South African HEIs that are actively engaged in initiatives that use data about students at 
a micro level to bolster student support and success. Our research examines the extent to 
which HEIs in South Africa have adopted learning analytics to improve teaching and learning 
at a micro or student level. We have used the Greller and Drachsler (2012) framework for 
LA as the conceptual framework for our study. The six institutions that presented papers 
at the 2013 SAHELA conference and two of the institutions that form part of The Kresge 
Foundation’s Siyaphumelela (We succeed) project were requested to participate in a survey 
of the maturity levels of LA in their institutions. In our survey we have largely used the 
same questions that Sclater (2014) has used in his study of the status of LA in the United 
Kingdom. In some instances, we have rephrased the questions to get feedback specifically 
on the dimensions of Greller and Drachsler’s framework. We have also contextualised the 
questionnaire to reflect a South African educational perspective, see Table 2. 
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All eight institutions completed the questionnaire conducted online using Questback. The 
data was collected by means of purposive sampling since we could predetermine the list 
of participants, based on their involvement at SAHELA and in the Siyaphumelela project. 
The sample included senior management, managers and staff from Learning Technology 
and Institutional Planning departments. Participants were asked to provide as much 
detail as possible for each question to provide the researchers with a clear understanding 
of the context. The participating institutions were the University of the Free State (UFS) 
(Siyaphumelela grantee), University of Pretoria (UP) (SAHELA presenter and Siyaphumelela 
grantee), University of the Witwatersrand (Wits) (SAHELA presenter and Siyaphumelela 
grantee), University of Johannesburg (UJ) (SAHELA presenter), Nelson Mandela Metropolitan 
University (NMMU) (Siyaphumelela grantee), University of South Africa (UNISA) (SAHELA 
presenter), University of the Western Cape (UWC) (SAHELA presenter), and Tshwane 
University of Technology (TUT) (SAHELA presenter). Four of the participant institutions are 
traditional universities (UFS, UP, Wits, UWC), one a university of technology (TUT) and 
three comprehensive universities (UJ, NMMU, UNISA). 

While the list of institutions cannot be considered to be representative of the South African 
higher education landscape (especially in terms of significant differences in the historical 
and social backgrounds of the twenty-five public universities in the country) it does 
provide a snapshot of the activity in institutions representing all three institutional types 
that are distinguished in South African Higher Education (traditional, comprehensive and 
of technology). 

Dimensions of the LA and survey questions

Table 2 below lists Greller and Drachsler’s (2012) six dimensions as well as the contextualised 
questionnaire used in this study. The questions are mapped against the corresponding 
dimension. Two additional questions were added to evaluate the evidence of outcomes and 
the future plans for LA.

Table 2:	 Survey questions and dimensions

Dimension Questions

Stakeholders 1.	 Where are analytics located in the institution? (e.g. faculty, departments, top 
management)

2.	 Who are the various stakeholders that benefit from the analytics? (e.g. data used to 
assist students, faculties/schools, departments, institutions…)

Objectives 3.	 What are the objectives of analytics at your institution? (E.g. descriptive and/
or predictive)?

Data 4.	 What data is collected? (e.g. learner characteristics, engagement, interventions, 
evaluations)

5.	 Are there specific times and events used to collect student and institutional 
level data? 

Internal Limitations 6.	 Are the staff members responsible for the analytics trained and knowledgeable?

Botha J & Muller N (eds) 2016. Institutional Research in South African Higher Education. Stellenbosch: SUN PRESS

DOI: 10.18820/9781928357186/12 © 2016 AFRICAN SUN MeDIA



244

Institutional Research in South African Higher Education

Instruments 7.	 What analytics systems are used? (e.g. vendor products or in-house 
developed systems)

8.	 What analytical tools and dashboards are available? (e.g. tracking of students’ 
performance and attendance)

External Limitations 9.	 What processes does the institution have in place to deal with legal or ethical 
issues surrounding analytics and the use of student data?

10.	 Who has access to the data? (this includes student survey data, institutional level 
data and LMS data)

Evidence of outcomes 11.	 Are there any outcomes or achievements with regard to incorporating analytics at 
your institution to date?

12.	 What interventions are implemented as a result of the analytics? (E.g. data 
collected from students informed the implementation of a mentoring programme)

Further Developments 13.	 Are there any future analytical driven innovations that aim to use student data to 
optimise their success?

Data analysis

A rubric was developed and used in the analysis of data (refer to Table 3 below). The 
rubric is based on the Greller and Drachsler (2012) model which allowed the researchers 
to use a consistent ‘instrument’ for evaluating the institutions, thus providing a means of 
comparing institutions on a common set of indicators and of setting benchmarks to measure 
improvements over time. The data were analysed qualitatively by means of content analysis 
using ATLAS.ti (V7). The themes for the content analysis were based on the rubric, which 
functioned as the code-book for the content analysis. The themes from the analysis were 
then ‘mapped’ onto the rubric and, subsequently, scores were assigned to each variable 
based on the movement from a meso level to a micro level of analysis. Thus, as analytics 
moves from AA to LA, the scores move from 1 to a maximum of 5.

The framework consists of six dimensions that are sub divided into elements, consisting 
of a set of variables. A "dimension" refers to various categories or factors that need to 
be considered in the framework. Each dimension consists of a number of elements that 
describe the dimension. Subsequently the elements consist of a set of variables that attempt 
to describe the elements. 

In the first set of descriptive analyses, the institutional responses were aggregated at each 
element of three dimensions (namely stakeholders, objectives and data). The elements of the 
other three dimensions (internal and external constraints and instruments) were aggregated 
based on their highest score on the rubric. The last set of descriptive analyses (with cross-
tabulations of related themes) represents the calculation of the Analytics Sophistication 
Index (ASI). The rubric was used to determine the highest score an institution could receive 
on each factor of a dimension. The scores from each factor were tallied to get the total score. 
The higher the score the closer the institution was moving toward incorporating LA together 
with AA, thus indicating a more sophisticated analytics system. 
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Table 3:	 LA Rubric: based on a Generic Framework for Learning Analytics of Greller and 
	 Drachsler (2012)

DIMENSIONS FACTORS Score 1 Score 2 Score 3 Score 4 Score 5

1. Stake-
holders

Analytics 
function

Institutional 
Planning Unit/ 
Dept.

Professional 
and support 
services

Faculties Lecturers Students

Data users

(beneficiaries)

Institutional Professional 
and support 
services

Faculties Lecturers Students

2. Objectives Reflection Descriptive 
analysis of MIS 
data at various 
levels

Descriptive 
analysis of MIS 
and SIS data at 
various levels

Descriptive 
analysis of MIS, 
SIS and survey 
data at various 
levels

Descriptive 
analysis of MIS, 
SIS, LMS and 
survey data at 
various levels

Descriptive 
analysis of MIS, 
SIS, LMS and 
survey data at 
various levels 
over time

Prediction

(levels are 
faculty, 
programme, 
module, n=1)

Predictive 
analysis of MIS 
data at various 
levels

Predictive 
analysis of MIS 
and SIS data at 
various levels

Predictive 
analysis of MIS, 
SIS and survey 
data at various 
levels

Predictive 
analysis of MIS, 
SIS, LMS and 
survey data at 
various levels

Predictive 
analysis of MIS, 
SIS, LMS and 
survey data at 
various levels 
over time

3. Data Time scale 
(critical 
milestones)

Single/multiple 
time stamp in 
collection of 
demographics

Single/multiple 
time stamp of 
survey data, 
readiness, 
engagement, FYE

Single/multiple 
time stamp of 
LMS data

Strategic 
collection of 
survey data, 
readiness, 
engagement, FYE

Strategic 
collection of 
LMS data

Source: 
(HEMIS, LA, 
STARS, SASSE, 
etc.)

Collection of 
MIS/ SIS data

Collection of 
survey data, 
readiness, 
engagement, FYE

Collection 
of student 
interventions

Collection of 
content use in 
LMS (paper 
behind glass)

Collection of 
engagement 
and grades in 
LMS

Practices 
(Protected/ 
Open)

Data are 
available to 
select few

Data are 
disseminated to 
end-users

Data are shared 
widely with all 
stakeholders

4. 
Instrument

Technology No analytical 
system

Silo systems for 
data analytics 
(BI)

Integrated 
systems for 
data analytics

Silo systems 
for learning 
analytics (BI)

Integrated 
systems 
for learning 
analytics

Algorithm No algorithms Descriptive data 
analytics

Predictive data 
analytics

Descriptive 
learning 
analytics

Predictive 
learning 
analytics

Theories No theoretical 
framework

Single 
theoretical 
framework

Multiple 
theoretical 
frameworks

5. 
Constraints

Privacy and 
ethics

No ethical 
framework 
nor POPI 
compliance

Limited 
internal ethical 
framework/ 
party comply 
with POPI

Exhaustive 
internal ethical 
framework/ full 
compliance 
with POPI

Data access Unrestricted 
access to data

Part restricted 
access

Proxy access 
by user

6. 
Limitations

Competences No data 
analytical 
competence

Basic analytical 
competence

Intermediate 
analytical 
competence

Advanced 
analytical 
competence

Acceptance Analytics not 
accepted 
internally

Analytics 
accepted 
only among 
specialists

Analytics 
accepted 
broadly

Analytics 
accepted by all 
stakeholders
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Results

The results in Table 4 below show the aggregate scores of the variables related to the elements 
of the dimensions. The Analytics Sophistication Index (ASI) is attributed to each factor in 
each dimension, the frequency is represented by the number of institutions to which the 
ASI is applied. For example, a frequency of 8 for an institutional planning department as 
stakeholder means that all eight institutions reported that they have analytical systems that 
function at the institutional planning department level which accounts to an ASI of 1 for 
each institution. Each dimension is discussed in the following section. 

Table 4:	 Aggregate scores of the functions of factors

Dimension and 
Elements

ASI Rank Variables Frequency

Stakeholders: Analytics 1 Institutional Planning Department 8

2 Professional and support services 8

3 Faculty 7

4 Lecturers 1

5 Students 0

Stakeholder: Data 
beneficiaries

1 Institutional Planning Department 8

2 Professional and support services 8

3 Faculties 8

4 Lecturers 5

5 Students 2

Objectives: Reflection 1 Descriptive MIS 8

2 Descriptive MIS and SIS data 8

3 MIS, SIS and survey data 8

4 MIS, SIS, survey and LMS data 8

5 MIS, SIS, survey and LMS data at various levels over 
time

0

Objectives: Prediction 1 Descriptive MIS 8

2 Descriptive MIS and SIS data 8

3 MIS, SIS and survey 7

4 MIS, SIS, survey and LMS data 1

5 MIS, SIS, survey and LMS data at various levels over 
time

0

Data: 

Time scale

1 Single/multiple time stamp in collection of 
demographics

8

2 Single/multiple time stamp of survey data, readiness, 
engagement, FYE

8

3 Strategic collection of survey data, readiness, 
engagement, FYE

8

4 Single/multiple time stamp of LMS data 8

5 Strategic collection of LMS data 0
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Data: Collection 1 MIS/ SIS data 8

2 Collection of survey data, readiness, engagement, FYE 8

3 Student interventions 8

4 Collection of content use in LMS (paper behind glass) 8

5 Collection of engagement and grades in LMS 0

Data:

Practice

1 Data available to select few 0

2 Data shared with end-users only 5

3 Data shared widely 3

Instruments: 
Technology

1 No analytical system 0

2 Silo systems for data analytics (BI) 0

3 Silo systems for data and learning analytics (BI) 8

4 Integrated systems for data analytics 0

5 Integrated systems for learning analytics 0

Instruments: Algorithm 1 No algorithms 0

2 Descriptive data analytics 0

3 Predictive data analytics 4

4 Descriptive learning analytics 3

5 Predictive learning analytics 1

Constraints: Privacy 
and ethics

1 No ethical framework nor POPI compliance 0

2 Limited internal ethical framework/ partly compliance 
with POPI

2

3 Exhaustive internal ethical framework/ full compliance 
with POPI

6

Constraints: Data 
access

1 Unrestricted access to data 0

2 Part restricted access 3

3 Proxy access by user 5

Limitations: 
Competence

1 No data analytical competence 0

2 Basic analytical competence 0

3 Intermediate analytical competence 6

4 Advanced analytical competence 2

Stakeholders

The first dimension in the model relates to the stakeholders. The dimension is sub-divided 
into two elements namely, analytics and data users. The trend for both the analytics and 
data user elements shows that as the ASI moves from the macro/meso to the micro level the 
frequency of institutions assigned to the ASI decreases. The underlying notion is that learning 
analytics should be dispersed to all the stakeholders, where even students are able to perform 
analytics with their own ‘learning’ data in order to reflect on the information and to act upon 
it. It is evident from the results that none of the institutions reported that students are able 
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to perform analytics with their own data, and only one institution reported that lecturers 
perform analytics with their students and/or their course data. Overall, most institutions 
perform analytics at faculty level and higher (meso level analysis). As beneficiaries, only 
two institutions specifically reported that the students are the data clients of the analytical 
information. This does not mean that this is not the case at the other institutions, although it 
was not reported explicitly. The majority of institutions reported that lecturers are the main 
beneficiaries at the micro level, and, obviously, the faculties and the institutions at the meso 
level. This does imply that institutions find it valuable to use the information from analytics 
to improve teaching and learning as one of the means of improving outcome indicators, 
such as throughput and graduation rates. 

Objectives

The second dimension in the model refers to the objectives of LA. This dimension is 
sub-divided into two overarching elements, namely reflective objectives and predictive 
objectives. As expected, the frequency of the reflection element was reported as high, with 
all eight institutions performing descriptive/reflective based reporting on data sources at a 
single time stamp. The fixed reporting times of HEMIS DHET submissions contribute towards 
this result. As the system matures, the objectives become more complex as it integrates more 
data sources at strategic milestones of the student’s academic career. The ASI rank score, in 
Table 4 above, indicates that an ASI score of 5 means that the objectives consist of multiple 
data sources that are collected over multiple time stamps. This shows a close relation 
between the objectives and the data dimension. It is also essential for the model to be able 
to move from an historic to a real-time environment. From a predictive perspective, the 
frequency decreased as the data complexity increased, with only one institution reporting 
that predictions are performed on a blended data source constitution, namely MIS, SIS, 
survey and LMS data about the stakeholder at multiple time stamps. The system has not 
yet matured to include a predictive model that actively tracks and provides feedback to the 
stakeholders in a real-time fashion. The majority of the institutions, however, reported that 
they collect data from various sources at multiple time stamps.

Data

The third dimension in the model refers to the data. This dimension is sub-divided into 
the type of data collected, the time frame of collection and the practice element. It is 
well represented across the participating institutions. They report that data about students 
are collected not just at registration/enrolment, but also throughout the student’s academic 
career, including the collection of data on interventions and the ongoing collection of LMS 
data. The ASI score for both factors for all eight institutions is 4, indicating that institutions 
are well adapted and equipped to collect data and that they do so at various time stamps. 
Although this is not yet reflected in a real-time fashion, the maturity towards optimising the 
collection and time scale of data is moving closer to an LA model. The institutions responded 
positively with regard to the practice element, indicating that data is governed, but not to 
the extent that critical role players have restricted access or no access at all to the data.
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Instruments

The fourth dimension of the model refers to the instruments that institutions deploy in 
LA. Algorithms and technology are the two elements that influence this dimension. 
Greller and Drachsler in their framework included theories as an element influencing the 
instrument domain, for the purpose of this research, however, the theory element was 
excluded. Institutions reported that the technology deployed currently refers to silo LA and 
AA systems such as Business Intelligence (BI) software. None of the institutions indicated 
that their technology is based on an integrated LA system. The majority of the institutions 
indicated that their instruments have predictive capabilities on a meso level, though only 
one institution scored 5 on the ASI, reporting that the algorithms it deploys function on a 
predictive level for LA. 

Internal limitations and external constraints

Greller and Drachsler’s framework includes the so-called soft issues. The external constraints 
dimension represents these issues and they support the issues related to the privacy of student 
data and the ethics surrounding the governance and use of student data. The majority 
(75%) of the institutions indicated that they believe that they are in full compliance with the 
Protection of Personal Information (POPI) Act (Act 4 of 2013) and that they have extensive 
ethics compliance frameworks in place. No institution reported that data is freely available 
to be viewed by any party. When data is shared it happens in a controlled environment.

The final dimension of the model concerns the internal limitations, focussing on the 
competence levels for using analytical systems or models. The majority (75%) of the 
institutions reported that staff working with analytics are at the intermediate level and only 
25% of the institutions reported that their staff are at the advanced level. 

Analytics Sophistication Index

The frequencies tabulated in Table 4 are transposed into Table 5 below and cross-tabulated 
against the ASI of each of the dimensions per participating institution. As institutions migrate 
from a higher level (macro/meso) of analysis, using mostly historic data, to a lower level 
(micro/individual) of analysis and incorporating data in real-time, the ASI scores of individual 
institutions depend on the sophistication of the models; the more sophisticated the analytics 
the higher the score. The purpose of the index is not to create a benchmarking or ranking 
system, but rather to encourage sharing in the higher education community and to create an 
environment in which education experts can further collaborate and develop an LA culture 
in South African HEIs.

The maximum score an institution can achieve is 53. None of the participating institutions 
reported or elaborated on the dimensions in such a way that we could justify a maximum 
score which would mean that the institution has optimised an LA system. On the other hand, 
from a national perspective the factors that scored the lowest were analytics, prediction and 
technology, whilst the scores on data collection, time scale and constraints were the highest.
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The institution that reported the highest overall maturity in LA is UNISA with a score of 
43 followed by UP with 42. Each institution had at least three domain factors that are 
representative of an LA model. 

Table 5:	 ASI scores of the institutions by the functions of factors

Code description NMMU UFS UWC Wits TUT UJ UNISA UP
Dimension 
max score

Stakeholder: Analytics 3 4 2 3 3 3 3 3 5

Stakeholder: Data users 4 4 3 3 4 3 5 5 5

Stakeholder: Practice 3 2 2 2 3 2 2 3 3

Objective: Reflection 4 4 4 4 4 4 4 4 5

Objective: Prediction 3 3 2 3 3 3 4 3 5

Data: Time scale 4 4 4 4 4 4 4 4 5

Data: Data collection 4 4 4 4 4 4 4 4 5

Constraints: Privacy and Ethics 3 3 3 2 3 2 3 3 3

Constraints: Data access 3 3 3 2 2 3 2 3 3

Instruments: Technology 3 3 3 3 3 3 3 3 5

Instruments: Algorithm 3 4 3 3 3 4 5 4 5

Limitations: Competence 3 3 3 4 3 3 4 3 4

TOTALS: 40 41 36 37 39 38 43 42 53

 

Conclusion

The purpose of this study was to explore the current state of affairs with regard to the LA 
systems at selected South African HEIs. It became clear that institutions are collecting data 
about student performance at multiple time stamps covering a wide range of data sources 
and types, including student engagement data, student readiness data, student experience 
data, student satisfaction data and evaluation data. 

These sources encompass the traditional centralised data structures that usually include 
enrolment and demographical data. It is clear that no single data source can provide 
institutions with the means sufficiently to understand, prepare and equip/support a student 
in the higher education environment. We have established that HEIs are engaged in various 
strategies to enhance their understanding of the individual student, using a range of data 
sources, such as survey data or LMS data. Although the collection of data from students is a 
promising LA practice, it can be hampered by one of the major barriers to optimal analysis, 
often referred to as “the data silo effect”. Institutions are expected to foster an evidence-
based culture that can be used by the DHET for institutional steering (DoE 1997). This has 
resulted in the conceptualisation of projects focused on the collection of contextual data 
across many levels within the organisation from top management to individual lecturers and 
students. This has led to a situation where fragmented data is collected, analysed and stored 
on personal or distributed systems.
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The ASI indicated that, although there are certain domains in which the participating 
institutions showed promise, and since the 2013 SAHELA conference some institutions 
have made good progress towards the micro level of analysis, there is still much room 
for improvement in the maturity levels of LA. The participating institutions emphasised 
reflection and thus the investigation of aggregated forms of data, in order to develop a 
model of LA where data can be disaggregated, studied and acted upon in real time. 

The use of data to support the decision-making is not a new phenomenon in South African 
higher education. Data at an institutional level are used in aggregated form to inform 
institutional authorities and the DHET on enrolments, on student success rates, on funding 
allocations and so forth. The inaugural SAHELA Conference in 2013 has supported the 
assumption because at this conference the majority of the discussions focused on AA. It 
became clear that the incorporation of aggregated analysis of student data on a micro 
level still doesn’t qualify as LA if LA is conceptualised as an approach that would serve the 
individual student during that student’s entire academic career. The complexities pertaining 
to the higher education sector in South Africa create barriers that make the development of 
LA a difficult and daunting task. It has been shown that the deployment of LA models within 
institutions can result in positive contributions towards optimising student success (Norris 
& Baer 2013). It is therefore important to measure the development and deployment of 
LA models that focus on the individual student and on the learning environment in South 
African HEIs (Norris & Baer 2013). 

It is equally important for IR offices to be able to support the LA needs of the institution and 
its lecturers. IR staff members must develop skills to support LA processes and to aggregate 
and report on non-typical data. The skills activities mentioned in the Greller and Drachsler 
framework need to emphasise the collection of data, the analysis of data and the visualisation 
of the results of the analyses. 

Furthermore, the policies and practices related to LA have to be incorporated into the 
existing frameworks that typically characterise the work of IR offices. Arguably there is a 
need for a framework such as that of Greller and Drachsler for analytics to be conducted 
and used systematically and consistently. IR offices, as key stakeholders, should play a 
leading role in promoting professional development for all stakeholders who are involved in 
analytics at an institution. 
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