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ABSTRACT 

Data analytics in higher education aims to address, amongst other matters, student success and 

the factors related thereto. Faced by continuous poor student success rates, the Faculty of 

Economic and Management Sciences at a South African university embarked on the development 

and implementation of a contextualised data analytics framework to address this problem. 

Implementation of the framework highlighted the need for the inclusion of teaching (teacher) 

analytics as an integral part of the framework. Including teaching analytics not only ensured a 

more comprehensive understanding of the teaching and learning process, but also resulted in 

unexpected extensions of the framework for the scholarly development of teachers. Features of 

the adapted data analytics framework, with a specific focus on the teaching (teacher) analytics 

component, is presented in this article. 

Keywords: data analytics, teacher (teaching) analytics, learner (learning) analytics, academic 

analytics, student success 

 

INTRODUCTION 
The application of data analytics in higher education has been evolving rapidly since its 

introduction in the sector during the early 2000s. Worldwide, higher education institutions have 

been seeking ways to improve student performance and enhance teaching and learning practice. 

In this pursuit, the use and analysis of available data on student success (predominantly 

numerical/quantitative) has become a valuable basis for informed decision-making regarding 

at-risk student analysis and/or teaching and learning practices, among other, in order to improve 

student performance and success (Long and Siemens 2011, 36; Lourens and Bleazard 2016, 

139). Student-centredness is, however, regarded by many as the main driver of the use of data 

analytics in higher education, as it is directly linked to student success and high-quality teaching 

and learning practice (Campbell, DeBlois and Oblinger 2007, 44; Clow 2013, 685; Kajitani 
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2014, 26, Wright et al. 2014, 29). In acknowledging the strive towards enhanced quality and 

associated improved student success, Norris and Baer (2013, 5) describe data analytics as 

essential for achieving the aim of student-centredness. They furthermore point out that data 

analytics has the potential to identify effective and efficient teaching and learning practices, as 

well as models and innovations, in order to sustain higher education for the future.  

In order to achieve these goals, higher education institutions worldwide employ various 

frameworks to analyse available datasets (Dietz-Uhler and Hurn 2013, 18‒19), which are 

mostly built on two pillars, namely academic and learning analytics. Academic analytics, on 

the one hand, make use of data in a broader environment, such as institutional, national and 

international educational environments, with a focus on institutional management and decision-

making. Data sets linked to academic analytics typically include data on demographics, 

academics (including ability, performance history, and effort), financials, participation or 

engagement, as well as module/course-specific data (Campbell and Oblinger 2007, 4). Learning 

analytics, on the other hand, are more specifically related to issues at departmental or 

course/module level, with data, usually focusing on the learner, learning behaviours and the 

learning process (Long and Siemens 2011, 34). Even though it seems as if these two pillars of 

data analytics in higher education are separate, Hutchings, Huber and Ciccone (2011) share 

examples where the gap between academic and learning analytics has been bridged 

successfully, demonstrating the importance and relevance of such practices. However, 

Campbell and Oblinger (2007, 9‒10), as well as Long and Siemens (2011, 34), state that the 

gap between academic analytics and learning analytics can only be bridged if the academic staff 

is involved in the process. They furthermore point out that the involvement of academic staff 

in data analytics may contribute to improving student success, implementing more effective 

teaching practices and enhancing the scholarship of teaching and learning. In support, Chatti et 

al. (2012, 10) and Johnson et al. (2011, 29) also highlight the importance of teachers reflecting 

on teaching, learning, and assessment through the effective use of data analytics, if they are to 

improve student success rates. Chatti et al. (2012, 4) also put special emphasis on the 

importance of placing the “teacher” in the domain of data analyses. They suggest that a teacher 

focus might be of particular value in stimulating academic staff to reflect on their current 

teaching practices. Such self-reflection may assist academic staff to adapt their current teaching 

practices and potentially enhance the effectiveness – and thus the quality – of their teaching.  

Despite the widely recognised usefulness of data analytics and the need for the 

involvement of academic staff within this analytics domain, Macfadyen et al. (2014, 17) found 

that teachers still used data ineffectively to improve teaching and learning practices. Norton 

(2016, 1) is of the opinion that staff in the higher education environment is not sufficiently 
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knowledgeable about the optimal use of the analysis of available datasets in their teaching. This 

view corresponds with that of Ellis (2013, 662), who points out that the benefits of using data 

analytics in higher education contexts in relation to student learning and teaching practices 

remain unclear to teachers, and they could, therefore, ignore the benefits of and resist using data 

analytics. According to the Council of Higher Education (CHE), evidence-based (i.e. data-

driven) curriculum reform and the adaptation of current teaching and learning practices in the 

South African higher education context are of the utmost importance to address continuing low 

student success rates (CHE 2016, 53). Even though data analytics are regarded as “critical” to 

improving student success and identifying effective teaching and learning practices (Norris and 

Baer 2013, 5; Chatti et al. 2012, 4; Campbell and Oblinger 2007, 1), ways should be sought to 

get academic staff more involved in this process if success want to be achieved in the South 

African higher education context.  

Given the background provided, the question whether data analytics could become a 

viable, value-adding endeavour for teachers, should they be provided with a structured pathway 

and the necessary support structures to support the development of their data analytic skills, 

was thus eminent. With this in mind, and faced with continuously low student success rates and 

limited participation by teachers in the analysis of their available student data, the author – an 

experienced higher education lecturer and teaching and learning manager – developed an 

operational data analytics framework for application in the Faculty of Economic and 

Management Sciences (FoEMS) at a South African university. The framework was to provide 

an innovative, structured platform for teachers to become involved in data analytics as a 

launching pad for actions that had the potential to improve the quality of teaching and learning 

practices and ultimately student success outcomes.  

The aim of this article is consequently two-fold; firstly, to share the development and basic 

features of our operational data analytics framework and; secondly, to highlight some of the 

values ensuing from its implementation, with the main focus on the evolvement of teacher 

(teaching) analytics as an indispensable component of the framework.  

The operational FoEMS framework was based on the theoretical underpinnings of data 

analytics frameworks currently utilised within the higher education context and, therefore, the 

discussion commences with an overview of data analytics in higher education and the nature of 

existing data analytics frameworks. It is followed by an overview of the development and 

adaptation of the operational FoEMS framework, showing how the new framework evolved 

from features in existing frameworks and other developments in the faculty during 

implementation. This article, however, does not aim to identify and address all the factors that 

could influence student success, but rather focus on the innovative use of existing, available 
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datasets through a focused, goal-orientated approach to motivate students, staff and 

management to collectively identify problems and search for possible solutions to improve 

student success. The discussion concludes with an overview of the possible effects the inclusion 

of teacher (teaching) analytics (as an extension to existing data analytics frameworks in higher 

education) could have on student success, the quality of teaching and learning practices and 

teacher development. 

 
DATA ANALYTICS IN HIGHER EDUCATION 
Data analytics consists of a set of data sources from which collection, integration, and analysis 

can be done. This range of sources enables more meaningful interpretations than statistics in 

isolation (Ali et al. 2012, 484). The inclusion of a range of data sources also enables 

stakeholders to “choose from a flexible and extendable set of indicators” (Dyckhoff et al. 2012, 

61). Since the inception of data analytics in the higher education environment, two distinct 

components have been identified, namely, academic analytics and learning analytics (see 

summary in Figure 1).  

Academic analytics is the foundational aspect of data analytics in higher education. 

Demographic data, academic data, admission data, and financial data are included under 

academic analytics (Long and Siemens 2011, 34; Campbell and Oblinger 2007, 4) and are 

mainly utilised to assist institutional decision-making with regard to student success, retention 

and graduation rates (i.e. analysing, reporting and predicting), but also in decision-making with 

regard to financial aspects, human resources and institutional research (Campbell and Oblinger 

2007, 1; Goldstein 2005, 7). Due to the nature of the application of academic analytics, 

Goldstein (2005, 5) noted limited use by deans, heads of departments and teachers, even though 

Van Barneveld, Arnold, and Campbell (2012, 3‒4) are of the opinion that the overlapping area 

between academic analytics and learning analytics could be of benefit to the student, teacher, 

and department. 

The second component of the twofold data analytics frameworks, as applied in higher 

education contexts, is learning analytics (see Figure 1). This component is of more direct 

importance to students and teachers, as it clearly focuses on the learning process and includes 

aspects such as networking, discourse, conceptualisation, personalisation, and patterns of 

student performance (Siemens 2013, 1380; Van Barneveld et al. 2012, 4; Long and Siemens 

2011, 34). Van Barneveld et al. (2012, 4), however, point to the limited use of learning 

analytics, specifically on an institutional level. 

Initially, data collection or mining within the higher education context was 

pedagogically neutral (Ferguson 2012, 309), as it focused on student data captured on 
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institutional (computerised) systems, i.e. academic analytics (Campbell and Oblinger 2007, 4). 

The aim of the data mining initiatives was mainly to assess student progress, predict student 

success and identify challenges facing student learning (Johnson et al. 2011, 28; Fynn and 

Adamiak 2018, 82). 

 

 

 

 

 

 

 

 

 

        

 

 

 

 

 

 
 
 
Figure 1: Contemporary understanding of data analytics in higher education 
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emphasise the application of data analytics by individual teachers and highlight the need for 

teachers to have the appropriate skills needed for using data analytics. 

Two areas of concern for taking data analytics forward (i.e. incorporating it on individual 

staff level) are the question of “big data” versus smaller data sets, and the question of teacher 

focus within learning analytics. Natek and Zwilling (2014, 6406‒6407) allude to the potential 

positive value of smaller data sets for providing usable data, and the contribution it could make 

to institutional knowledge management systems. Accordingly, they encourage teachers to 

incorporate data analyses into their daily work. Clow (2013, 683) supports this notion by 

indicating that teachers should utilise the new opportunities data analytics offer to achieve 

“richer conceptions of student learning” and to change current teaching practices. With regard 

to teacher focus, Kajitani (2014, 26) and Campbell and Oblinger (2007, 10) warn that teachers 

could focus so strongly on their own performance when dealing with data analytics, that they 

are distracted from the overarching aim and miss realising the full potential of the analysis of 

available datasets. They propose that the focus, when implementing data analytics frameworks 

on a wider scale, should remain on the use of data to enhance collaboration among teachers 

(and administration), support student understanding (with data) and, lastly, to set goals. 

Correspondingly, Johnson et al. (2011, 29) foresee data analytics in higher education offering 

a system that supports teachers in identifying students’ needs but also assists them to adapt their 

teaching. From the above views, the expectation is thus that data analytics has the potential to 

change teachers’ perceptions about teaching, learning, and assessment. 

 
EXISTING DATA ANALYTICS FRAMEWORKS 
Initially, the framework suggested by Campbell and Oblinger (2007, 3‒8) followed a cyclical 

approach to learning analytics, which included the phases of capture, report, predict, act and 

refine. Building on this approach, Clow (2012, 134) also presented a cyclical learning analytics 

framework, which showed a great deal of similarity to the framework of Campbell and 

Oblinger. Clow’s framework also emphasised the importance of closing the feedback loop in 

learning analytics by means of meaningful interventions that impact positively on learners. 

Elaborating on these cyclical frameworks, Elias (2011, 17) recognised the importance of other 

elements in learning analytics by strategically positioning organisations, computers, people and 

theory in the centre of her learning analytics framework. Even though these central aspects are 

still encapsulated by the initial cyclical framework, it reflects the importance of integrating 

high-quality data, teaching and learning theory, human innovation, as well as appropriate data 

management systems, in an effort to derive a successful learning analytics framework that could 

effectively address the needs of learners, teachers and administrators. 
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A further dimension was added to existing learning analytics frameworks by Greller and 

Drachsler (2012, 44), who included internal limitations and external constraints as part of their 

learning analytics framework. The internal limitations referred to “competencies” and 

“acceptance”, whilst external constraints referred to “conventions” and “norms”. The internal 

limitations mentioned by Greller and Drachsler (2012, 44) correspond to debates about the data 

competence of teachers and the acceptance of data analyses as part of their daily work. The 

authors, furthermore, relate external constraints to ethical practices within the field of learning 

analytics, which has now become another focal point in the evolvement of data analytics in 

higher education. The ethical focus can be linked to aspects such as privacy/confidentiality of 

student data, institutional policies about the use of student data, as well as legal implications 

for learners, teachers, and institutions in relation to data use in data analytics (Greller and 

Drachsler 2012, 50‒51).  

The above-mentioned frameworks present a broad view of learning analytics, but with 

limited specificity. Even though these frameworks could be translated into different contexts, I 

am of the opinion that the framework of Norris and Baer (2013, 22) offers a more operational 

approach. Originally, the Davenport/Harris framework (in Norris and Baer 2013, 21) suggested 

four progressive levels of data analytics, namely, statistical analysis, forecasting, predictive 

modelling and ultimately, optimisation. By adapting this framework for the higher education 

environment, in particular, Norris and Baer (2013, 22) suggest that optimisation (as the highest 

level in the Davenport/Harris framework) can be equalled to student success. Their framework 

consists of seven levels that are directly linked to student success, namely, student pipeline 

management, elimination of barriers to student retention and success, managing at-risk students 

by means of predictive analytics, evolving learning management systems, creating personalised 

learning environments and learning analytics applications, encouraging large-scale data 

mining, and extending student success measures beyond the formal training years (Norris and 

Baer 2013, 23).  

 
DEVELOPMENT OF AN OPERATIONAL FOEMS DATA ANALYTICS 
FRAMEWORK 
The starting point in the development of the operational data analytics framework was linking 

factors related to student success and institutional data sets to aspects already included in 

existing data analytics frameworks (as discussed above). The components of academic analytics 

and learning analytics recognised by authors such as Long and Siemens (2011, 34) as well as 

Campbell and Oblinger (2007, 4) were therefore maintained in the framework. Academic 

analytics in the initial FoEMS framework included the following:  
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• pre-admission data (e.g. type of secondary school attended),  

• academic performance at secondary school,  

• demographic data,  

• registration data (e.g. bursary holder),  

• benchmark student data (e.g. performance in national benchmark tests before admission),  

• academic performance (e.g. participation in learning activities),  

• examination admission data (e.g. performance in formal, formative assessments), 

• examination data (e.g. admission mark, examination mark, final mark), and 

• academic advising/credit load data.  

 
All the information above is regarded as being linked directly to the broader factors that 

influence student success in South African higher education (including student enrolment 

management, non-academic support needs and development, and academic support needs and 

development) (DHET 2013:32).  

Learning analytics in existing data analytics frameworks typically focus on student 

engagement, student performance and the learning process of students (Siemens 2013, 1380; 

Van Barneveld et al. 2012, 4; Long and Siemens 2011, 34), and was maintained as such in the 

initial, operational data analytics framework for the FoEMS. 

As the purpose of the data analytics framework was to serve as a new, contextualised 

operational system in the FoEMS, it focused on only the first three levels of the Norris/Baer 

framework, though a further extension of the framework towards the other levels is foreseen. 

The three features of the Norris/Baer framework included in our framework (see Figure 2) were, 

therefore, the following: 

 
(1) Student pipeline management (by means of managing “at-risk” students), 

(2) Elimination of barriers to student retention and success (through identifying and 

addressing barriers to learning), and 

(3) Management of at-risk students (by means of monitoring and addressing student 

engagement in academic support and development activities).  

 
These features spelled out the goals for the implementation of an operational data analytics 

framework for the FoEMS. These goals, in themselves, ensured a collective focus and clarity 

with regard to the implementation of the framework amongst all stakeholders (i.e. teachers, 

learners, managers) in the FoEMS. Figure 2 portrays the initial, operational data analytics 

framework, which formed the starting point for the implementation of data analytics in the 

FoEMS. 
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Figure 2: Initial, operational FoEMS data analytics framework 
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student success annually, even though not all undergraduate modules are included on an annual 

basis.  

A clear, structured pathway is followed in the operational process: Upon completion of 

data collection in a specific module, the data is captured and the teacher involved in the teaching 

of that module are invited to an individual session with the faculty’s teaching and learning 

manager and data analyst. During this session, the teacher is introduced to the available data 

sets and offered the opportunity to present practical classroom-based hypotheses. This is then 

“tested” against the available data, and serves as a platform for critical engagement, reflection, 

and discussion with regard to teaching and learning in that specific module. If more in-depth 

statistical analysis is required, the FoEMS teaching and learning data analyst is involved in the 

process. 

 

Adaptation of the initial data analytics framework in the FoEMS 
After the initial implementation of the data analytics framework in some modules presented in 

the FoEMS and my subsequent critical engagement with teachers, it became clear that a number 

of adaptations were essential. The desired changes mostly related to the learning analytics 

component of the framework, and the need to address a more comprehensive set of factors that 

influence student success in the FoEMS. Learning analytics in the initial framework typically 

focused on student engagement data, student performance and the learning processes of 

students. Even though they are important, these aspects do not address certain crucial factors 

related to student success directly, including curriculum compilation, teaching and assessment 

activities and/or practices, learning activities and/or practices, learning resources or academic 

support and development, graduate attributes, stakeholder involvement (e.g. experiential 

learning, practical-based learning) and employability. These “gaps” necessitated the adaptation 

of the learning analytics component of the initial data analytics framework, as explained below: 

 

• Changes were made to the learning activities (learning process) component by including 
learning resources and curriculum design/compilation. This change underlines the 

importance of sound curriculum design and the utilisation of appropriate learning 

resources in learning activities in order to support student success.  

• Assessment (student performance) was adapted to include the teaching activities (e.g. 

presentations, class activities, practical sessions, tutorial sessions) preceding the 

assessment, as self-reported by the relevant teacher and through content analysis of the 

module guides – highlighting the importance of constructive alignment in the learning 

process.  

• Student engagement was expanded to focus on academic student development and student 



Janse van Vuuren Development of a contextualised data analytics framework in South African higher education 

147 

support as part of the learning process. In our resource-restricted environment, the 

majority of students needed extra academic support and development, and “engagement” 

as a single entity was therefore not sufficient but required an additional focus on students’ 

engagement with academic support and development activities.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3:  Contextualised operational FoEMS framework 

 

 

 

 

 

 

 

 

Figure 3: Contextualised operational FoEMS framework 
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addition, are specifically alluded to as part of student success (CHE 2014, 14) and could not be 

ignored in our context.  

The nature of the changed and newly included features necessitated the inclusion of 

qualitative data collection methods in order to obtain a more in-depth understanding of the 

associated factors – adding another distinctive feature, contrary to previous data analytics 

frameworks (which focused mainly on quantitative data sets). Figure 3 portrays the changes 

made to the initial data analytics framework to create a more comprehensive “picture” of 

student success in the FoEMS. 

The most important realisation after the implementation of the new framework and the 

initial interaction with the teachers critically reflecting on the data was that the nexus between 

the learner (learning) and teacher (teaching) cannot be ignored when dealing with student 

success. This awareness provided an invaluable opportunity to make provision for the teacher 

(teaching) in the analyses of data. Teaching (teacher) analytics was therefore included as a 

unique feature in our data analytics framework. Due to the clear link between teaching and 

learning, features in the teaching (teacher) analytics segment are firmly related to the features 

of the learning (learner) analytics, although with some differences in emphasis. In the teaching 

(teacher) analytics component, curriculum and assessment were separated. Curriculum focuses 

on constructive alignment, learning resources, teaching activities and student academic support 

and development. Assessment focuses on evidence of barriers to learning as well as the link 

between student performance in assessments and their engagement with academic support and 

development activities. Due to the importance of the development of graduate attributes and 

stakeholder involvement, the two features were also included as part of the teaching (teacher) 

analytics component (see Figure 4).  

The addition of teaching analytics to our operational data analytics framework (see Figure 

4) made a major contribution to our understanding of student success in the FoEMS, but more 

importantly, it resulted in a number of other unexpected benefits and opportunities for the 

further extension of the framework. 

 
EVOLVEMENT OF TEACHING (TEACHER) ANALYTICS 
The unexpected benefits and opportunities, which are presented in the next section of this 

article, led to a richer version of teaching (teacher) analytics in our operational data analytics 

framework and provide motivation for the future inclusion of teaching (teacher) analytics as an 

indispensable component of higher education data analytics frameworks.  
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Figure 4: Teaching analytics as a component of the FoEMS data analytics framework 
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It was interesting to note how the involvement of teachers with data from their “own” 

modules motivated them – it resembled the four motivational conditions of Wlodkowski (2003, 

40) for fostering motivation for professional development. Inclusion was established, as both 

these partners (i.e. FoEMS teaching and learning data analyst and teacher) felt respected and 

connected – through either their expertise in the data analytics environment or their disciplinary 

environment. Data was used as a basis to promote the communication needed to understand the 

objectives and desired outcomes from both separate, yet interconnected, environments. 

Personal relevance was relatively high for both groupings, due to the relevance of the data 

(“own” module data versus data for institutional reporting) and created a positive attitude 

towards the session. Hypotheses relating to classroom interactions could be tested against 

available data, which created a platform for more critical reflection from those involved, 

resulting in the creation of more meaning. Doing so induced, almost spontaneously, 

Wlodkowski’s (2003, 40) third motivational condition, namely, enhancing meaning through 

challenging, thoughtful learning experiences. Lastly, in the initial session, a seed was planted 

and the process of engendering competence (the fourth motivational condition) commenced, 

through more productive use of the data available to inform teaching and learning practices. 

This type of motivation led to the creation of a continuous, collaborative relationship between 

the teacher and FoEMS teaching and learning data analyst.  

The implementation of our adapted data analytics framework, therefore, provided the 

initial platform from which teachers could embark on a road towards more scholarly teaching. 

This is in line with the views of Clow (2013, 683), who urges teachers to become involved in 

data analytics, as it could provide them with “richer” ideas about learning that could inevitably 

influence their teaching practice. Kajitani (2014, 26), however, warns that teachers should 

understand that the purpose of their involvement with data analytics is not to compare 

themselves with other teachers (i.e. not specifically aimed at showcasing their teaching 

excellence), but rather to assist them to collaborate with other teachers, assist students to 

understand their learning better and to set teaching (teacher) and learning (learner) goals.  

 

Resultant scholarly approaches to teaching and learning  
The initial introduction of teachers to the analyses of available datasets in their module(s) and 

the possibilities it offered for further personal and professional development was a promising 

first step on the path to teacher development, as suggested by Kern et al. (2015, 5‒7). Kern and 

co-authors present four quadrants for the development of teachers, namely, the practice of 

teaching, sharing about teaching, scholarly teaching and the scholarship of teaching and 

learning. As teachers were provided the opportunity to test practical, classroom-based 
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hypotheses against available data in the initial session after the implementation of the adapted 

data analytics framework, critical reflection on their “practice of teaching” emerged. Even 

though it was done on a small-scale, teachers could share information about their teaching with 

the FoEMS teaching and learning data analyst. 

As more individual teachers from the FoEMS were introduced to the data analytics 

environment, a need emerged for an additional support structure, where further discussions 

between teachers could take place. A faculty-based, interdisciplinary interest group was 

formed. Page, Edwards and Wilson (2012, 32‒33) allude to the benefits of working in a group, 

namely, increased accountability, structure, collaboration, motivation and an increase in 

scholarly output. They point out that such groups could even shift the culture in an educational 

unit, but for this to happen, participants need to be proactive and act with intent. Quinnell et al. 

(2010, 25) add that these group interactions are valuable if performed within disciplinary 

boundaries, as they support discipline-based teaching and learning, though it could be 

supplemented by interdisciplinary discussions as teachers become more critical reflectors on 

their own and others’ work.  

The value of group interactions is taken a step further by Pope-Ruark (2012, 364‒365) 

who presents a continuum of how scholarly engagements can develop teachers within their 

specific discipline-based communities. In addition to developing personally and professionally, 

such interactions can support the development of teaching and research frameworks within 

specific professional communities, influence theory-building challenges within professional 

communities, and influence disciplinary identities (Pope-Ruark 2012, 371‒373). As suggested 

by Pope-Ruark, the implementation of the adapted data analytics framework in our faculty 

supported the development of teachers on a discipline-specific, but also interdisciplinary, level. 

The critical engagement between teachers, from an interdisciplinary view, were motivating and 

collaborative and assisted individuals with their discipline-specific development as scholarly 

teachers. It also acted as the incentive for their individual development paths towards the 

scholarship of teaching and learning.  

Even though the development of teachers on the suggested continuums of teacher 

(teaching) development takes place in a number of cases, a study by Vajoczki et al. (2011, 12) 

reports on the limited evidence of publications/outputs by teachers, suggesting that alternative 

support structures should be put in place to help these teachers to share their work. An increase 

in scholarly outputs (i.e. conference presentations) from our interest group after the 

implementation of the data analytics framework highlights the value of this interdisciplinary 

space that had been created for teachers to collaborate with and motivate each other, but also to 

improve accountability in relation to research outputs, within the group. 
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Against the background of teacher development, it should, however, be emphasised that 

defining teaching excellence remains challenging, especially when it is linked to a reward 

system. Such reward systems might result in a striving for excellence being reduced to a mere 

“evidence-gathering process” (Wood and Su 2017, 460). Kern et al. (2015, 5‒6), therefore, 

rightfully state that excellent teachers are highly likely to engage in reflection on their practices 

(practice of teaching), and might share it informally (sharing about teaching), which would still 

impact positively on the students’ learning experiences. The question is then whether teachers 

who are not formally involved in scholarly teaching or the scholarship of teaching and learning 

– and therefore don’t have “evidence” – are excluded from being rated as excellent teachers? 

Nonetheless, some parallels could be drawn between the continuum/quadrants of teacher 

development (Kern et al. 2015, 5‒6; Vajoczki et al. 2011, 12) and the definitions of teacher 

excellence from the study of Wood and Su (2017, 461) (see Table 1).  

 
Table 1: Parallels between teacher development and teacher excellence 

 
Kern et al. 
(2015, 5‒6) 

Vajoczki et al. 
(2011, 12) 

Wood and Su 
(2017, 461) 

Practice of teaching Good teaching Pedagogic competence and skills 
Increased engagement between learners 
and teachers with a resultant positive 
impact 
Good subject knowledge 

Sharing of teaching 

Scholarly teaching Scholarly teaching Research-informed pedagogic practice 
Scholarship of teaching and 
learning 

Scholarship of teaching and 
learning 

 
 

The implementation of our data analytics framework afforded teachers the opportunity to move 

from the earlier levels of practice of teaching/sharing of teaching/good teaching, towards a more 

scholarly approach to teaching. In some cases, resistance to or fear of the transition to more 

scholarly teaching is caused by a lack of competence: teachers are unable to integrate data 

analytics or big data sets that are available at institutions with their daily teaching practice. The 

implementation of the FoEMS framework provided a structured, demarcated, yet integrated, 

platform to introduce teachers to data analyses and provide continuous support structures for 

their development in this field, and thus to becoming scholarly teachers.  

 
The influence of the operational FoEMS data analytics framework on 
student and teacher success  
The initial aim of the development and implementation of the operational data analytics 

framework in the FoEMS was persistently low student success rates and the expectation that it 

would lead to an improvement in the quality of teaching and learning. Natek and Zwilling 



Janse van Vuuren Development of a contextualised data analytics framework in South African higher education 

153 

(2014, 6407) are of the opinion that the inclusion of data analyses of available datasets in the 

daily activities of teachers could improve student success rates. In addition to improving student 

success rates, analyses of these small data sets could provide additional useful results, and assist 

higher education institutions to develop their larger data analytics management systems further. 

The intention of the implementation of our framework was initially based on the viewpoint 

of Natek and Zwilling (2014, 6407), that teachers should be involved in data analytics, as it 

could lead to improving student success rates. However, the implementation of the framework 

had further (un)intended outcomes, such as increased engagement of teachers with learners. 

This outcome can be attributed to critical reflection by teachers on the available data, which 

raised further critical questions about the learning process. The reflection also contributed to 

the adoption of a more scholarly approach by the teachers, in which critical reflection became 

central to their daily teaching practices. A steady improvement in student success rates in the 

FoEMS has been observed since the implementation of the data analytics framework. It is 

acknowledged that other variables might have contributed too, and, therefore, the improvement 

cannot be solely attributed to the implementation of the framework, even though it is believed 

that the framework played a significant role. Figure 5 portrays the current operational FoEMS 

data analytics framework, featuring the (teaching) values specifically associated with teaching 

(teacher) analytics as a second, but inseparable, “field” of the framework. 

 

CONCLUSION 
Existing data analytics frameworks (inclusive of both academic and learning analytics) 

in higher education have not given sufficient recognition to the teacher as a central element of 

these frameworks in higher education, even though the possible benefits thereof have been 

described (Long and Siemens 2011, 34; Clow 2013, 683; Natek and Zwilling 2014, 6406‒

6407). In order to provide a structured platform for the introduction of teachers to the field of 

data analytics in higher education, a contextualised, operational data analytics framework was 

developed and presented in this article. Through the implementation of this framework, the 

value of data analytics was highlighted, also in a South African context, through the steady 

improvement in student success within the faculty.  

Another unique feature of the framework is the particular emphasis placed on the 

teacher, by adding teaching (teacher) analytics (focusing on the teacher and teaching process) 

to the framework. This resulted in the framework serving as a successful platform for the 

introduction of teachers to data analytics, eliciting critical reflection amongst teachers and even 

initiating a move towards scholarly development of teachers. Although done on a small scale, 

the scholarly development of teachers has already resulted in several research outputs within   
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   Figure 5: Teaching analytics as an indispensable component of the operational  
 FoEMS data analytics framework 
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the field of teaching and learning that had not previously been noted in the FoEMS. These 

positive teaching (teacher) outcomes highlight the value being added to the current knowledge 

base on data analytics in higher education by the addition of teaching (teacher) analytics as an 

indispensable component of our data analytics frameworks. The value of using (richer) 

qualitative datasets within this domain, in particular, has also come to the fore.  

In addition to the practical detail shared, the adapted data analytics framework presented 

in this article provides a basis from which further research, with a specific focus on including 

the teacher in the data analytics environment, can be performed. The resultant impact of 

teaching (teacher) analytics on the planning, adaption, and implementation of large-scale data 

analytics frameworks within higher education also needs to be researched further and tracked 

in the future.  
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