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1. Executive Summary  
A broad view is taken of analytics for Learning and Teaching applications in Higher Education. In this we discriminate 

between learning analytics and academic analytics: uses for learning analytics are concerned with the optimisation of 

learning and teaching per se, while uses of educational analytics are concerned with optimisation of activities around 

learning and teaching, for example, student recruitment. 

Some exemplars of the use of analytics for Learning and Teaching are to: 

 

¶ Identify students at risk so as to provide positive interventions designed to improve retention. 

¶ Provide recommendations to students in relation to reading material and learning activities. 

¶ Detect the need for, and measure the results of, pedagogic improvements. 

¶ Tailor course offerings. 

¶ Identify teachers who are performing well, and teachers who need assistance with teaching methods. 

¶ Assist in the student recruitment process. 

Conclusions drawn in this paper include: 

¶ Learning and academic analytics are underutilised in UK Higher Education. 

¶ There are risks to adoption of analytics, including that measures that are not useful are revealed through analytics, and 

that staff and students lack the knowledge to use analytics. However, there are visualisation techniques that help 

significantly in non-specialist adoption. 

¶ There is also a risk for institutions that delayed introduction of analytics may lead to missed opportunities and lack of 

competitiveness in the UK Higher Education market. Our judgment is that this is the most compelling risk to amortise. 

¶ Institutions vary in analytics readiness and maturity, and may to a greater or lesser extent be ready for the introduction 

of analytics or increases in the use of analytics.  

¶ We stress that there are different scales of analytics projects, from small projects that can be undertaken under a 

limited budget and time frame, to large projects that may involve, say, creating a data warehouse and employing 

experienced analytics staff to build complex models. 

¶ A good way of starting is to undertake small limited-scope analytics projects. These enable institutions to develop staff 

skills and/or raise the profile of analytics in the institution. 

¶ Large-scale analytics may involve the activities of staff who may variously be characterized as analysts, modellers or 

data scientists. These staff are often in short supply, but reference to local departments of statistics may provide expert 

help. 

¶ There are commercial solutions that work in conjunction with commonly adopted Virtual Learning Environments and 

student information systems.  Some of these are óplug-and-playô and do not require analyst input. However, before 

purchase, they should be evaluated for suitability, particularly with respect to intuitional pedagogic approaches and 

concerns. 
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2. Overview: Analytics in education 

2.1 INTRODUCTION 

In this paper, we examine the use of analytics in education with a bias towards providing information that may help decision 

makers in thinking about analytics in their institutions. Our focus is pragmatic in providing a guide for this purpose: we 

concentrate on illustrating uses of analytics in education and on the process of adoption, including a short guide to risks 

associated with analytics. As befits the audience we avoid a detailed examination of technical aspects of analytics. 

 

We stress upfront that: 

 

¶ Analytics exists as part of a socio-technical system where human decision-making and consequent actions are as 

much a part of any successful analytics solution as the technical components.   

 

¶ There are a variety of success factors for analytics adoption. Many of them are more human and organisational in 

nature than technical.  Leadership and organisational culture and skills matter a lot. 

 

¶ The nature of a socio-technical system is the interrelatedness of its parts. Design of the technical affects the social, 

and design of the social affects the technical. 

 

¶ It is important to maintain perspective, not to get lost in data, technology or meaningless analytics outputs, and instead 

to keep in mind social, pedagogic or business aims and focus analytics efforts on contributing to those aims.  

 

¶ Itôs unlikely that institutions will arrive at optimal analytics solutions as part of their first uses of analytics; evaluation of 

technical and social aspects will need to inform on-going improvements.  

Analytics as applied in the educational domain is providing measurable advances to learning and teaching, and offers the 

hope of more convenient evidence-based decision making, action and personalisation in diverse areas of education. In this, 

beneficiaries include learners, teachers, lecturers, departments, educational institutions, and regional- and national-level 

stakeholders.  

Varieties of analytics 

Analytics is ñthe use of data, statistical analysis, and explanatory and predictive models to gain insights and act on complex 

issues.ò [Bichsel 2012].  

Others have a broader view of analytics. Davenport et al [2010] characterise analytics as answering questions that generate 

both information and insight (table 1). 
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 Past Present Future 

Information What happened? 

 

What is happening 

now? 

What will happen? 

Insight How and why did it 

happen? 

Whatôs the next best 

action? 

Whatôs the best/worst that 

can happen? 

 

Table 1: Questions whose answers are sources of information and insight, addressable using analytics [Davenport et al 

2010] 

Learning analytics is the application of analytic techniques to analyse educational data, including data about learner and 

teacher activities, to identify patterns of behaviour and provide actionable information to improve learning and learning-

related activities.  

Within education, there are uses of analytics that lie outside of the learning-centric definition of learning analytics. For 

example, use of analytics to select good candidates from a pool of applicants who wish to study on a particular programme.  

This is, in our terms, not learning analytics per se: we use the term academic analytics to encompasses analytic activity that 

is not strictly learning analytics, while helping educational institutions fulfill their mission. 

In Table 2 Long and Siemens [2011] discriminate between learning analytics and academic analytics similarly, and show the 

main beneficiaries of each. 

 

 
 

Table 2: Learning analytics and academic analytics ï focus of analytic activities and beneficiaries [Long and Siemens 2011] 

To provide a flavour of the applications of analytics, we mention a few potential uses, to: 

¶ Identify students at risk so as to provide positive interventions designed to improve retention. 

¶ Provide recommendations to students in relation to reading material and learning activities. 

¶ Detect the need for, and measure the results of, pedagogic improvements. 

¶ Tailor course offerings. 

¶ Identify teachers who are performing well, and teachers who need assistance with teaching methods.  

¶ Assist in the student recruitment process. 
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Further uses are discussed in Section 3, and accompanied by exemplars in Sections 2.3 and 4.8.  

As well as learning analytics and educational analytics a third term that readers may encounter is educational data mining. 

Often this refers to the use of óbig dataô techniques to mine large data sets to discover actionable information for educational 

purposes, as discussed in [Ferguson 2012]. This kind of educational data mining is one of a range of techniques that may be 

applied to learning and academic analytics. 

A second, more restrictive meaning for educational data mining refers to the use of the same data mining techniques  

to analyze... data in order to resolve educational research issues. EDM is concerned with developing 

methods to explore the unique types of data in educational settings and, using these methods, to better 

understand students and the settings in which they learn. [Romero and Ventura 2010].   

The US Department of Educationôs Office of Educational Technologyôs recent Issue Brief [Bienkowski et al 2012] provides a 

discussion of this kind of educational data mining. 

In this paper we confine ourselves to discussing learning analytics and academic analytics.  

A very brief history 

 

 
Figure 1: Relative levels of interest for the terms learning analytics, academic analytics, and educational data mining as 

revealed by Google trends  

[Google 2012, with layout changes for this document]. 

The first use of analytics in education that we have found is a 1995 experiment that examined student retention and 

performance at Wichita State University [Sanjeev and Zytkowt 1995] reported in [Romero and Ventura 2006]. However, it 

appears from Figure 1 that widespread interest in analytics has only been increasing since 2007 when analytics, including 

examples from the 1990s, were being brought to widespread attention by EDUCAUSE via its publications, for example  

[Campbell et al 2007] and [Campbell and Oblinger 2007].   



JISC CETIS Analytics Series: Vol.1 No. 3. Analytics for Learning and Teaching 

7 

The UK has lagged somewhat behind the US. Possibly the earliest UK advance in analytics for Learning and Teaching was 

provided in [van Harmelen 2007] where one of the authors of this paper, noting the commercial uses of analytics and the rise 

of interest in attention data (subsequently called activity data), brought analytics to the attention of JISC in [van Harmelen 

2007]. JISC subsequently funded projects to further analytics based on behavioural data in the HE library sector, and, most 

recently, a small set of rapid innovation projects described by Kay et al [2011].   

This report is commissioned by JISC-CETIS as part of the CETIS Analytics Series, to continue to help raise awareness of 

analytics. 

Anticipated trajectory for analytics in the UK 

The adoption and use of learning analytics in the UK seems likely to follow the following trajectory: 

¶ Inspired by and drawing from successful use of analytics for prediction and optimisation in industry and commerce, the 

use of learning analytics has already been implemented by early adopters and is making a tangible difference in their 

institutions. 

¶ Learning analytics is now (in late 2012) poised on the verge of rapid growth. 

¶ The New Media Consortium predicts mainstream adoption of learning analytics in a two to three year time frame [NMC 

2012]. This is a US-centric view. 

¶ In the UK, we believe that mainstream adoption will occur in a two to five year time frame. 

¶ For some period, the use of learning analytics in UK universities will provide a differentiator in student learning 

services. 

¶ Mainstream adoption will be followed by a period of catch-up by change-adverse institutions. 

We make no predictions about UK uptake of academic analytics. But we do note that analytics systems that support student 

recruitment might become popular in the UK.  

Scale and usefulness 

Finally in this introduction, we stress that there are different scales of analytics projects, from small projects that can be 

undertaken under a limited budget and time frame, to large projects that may involve, say, creating a data warehouse and 

employing experienced analysts to build complex models. We recommend small limited-scope projects in institutions that 

want to experiment with analytics, develop staff skills and/or raise the profile of analytics in the institution. 

2.2 DEFINITIONS 

Besides the definitions proffered above, we present definitions from the literature. Most of these definitions are concerned 

with learning analytics per se, rather than academic analytics. Sometimes, however, the literature is concerned with a wide 

variety of definitions of analytics; whole papers can and have been written on terminology, see for example [van Barneveld et 

al 2012].  

A base definition for learning analytics is provided by Learning Analytics and Knowledge, the annual conference in the field 

Learning analytics is the measurement, collection, analysis and reporting of data about learners and their 

contexts, for purposes of understanding and optimising learning and the environments in which it occurs 

[LAK2011] 

The New Media Consortiumôs 2012 Horizon Report [NMC 2012] provides a more comprehensive definition: 
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Learning analytics refers to the interpretation of a wide range of data produced by and gathered on behalf of 

students in order to assess academic progress, predict future performance, and spot potential issues. Data 

are collected from explicit student actions, such as completing assignments and taking exams, and from tacit 

actions, including online social interactions, extracurricular activities, posts on discussion forums, and other 

activities that are not directly assessed as part of the studentôs educational progress. The goal of learning 

analytics is to enable teachers and schools to tailor educational opportunities to each studentôs level of need 

and ability in close-to-real time. Learning analytics promises to harness the power of advances in data 

mining, interpretation, and modelling to improve understandings of teaching and learning, and to tailor 

education to individual students more effectively. Still in its early stages, learning analytics responds to calls 

for accountability on campuses and aims to leverage the vast amount of data produced by students in 

academic activities.  

Diaz and Brown [2012] define learning analytics in terms of goals: 

 

1. Is the analysis of many kinds of learner-produced and learner-related data 

2. Seeks to monitor learner activity and progress and to predict learner outcomes 

3. Enables interventions and decision making about learning by instructors and students. 

Adding to these definitions, there is a wide variety of functionally different definitions of learning analytics and related terms, 

eg van Barneveld et al [2012] note the use of analytics, business analytics, academic analytics, learning analytics as used in 

academia, learning analytics as used in industry, predictive analytics and action analytics. Despite this diversity in 

nomenclature, van Barneveld et al [2012] ñacknowledge that, functionally, different analytics are intended to work as a 

cohesive and integrated whole that serves the needs of the academy at a variety of levels.ò  

Purpose can also usefully segment analytics. For example, Ferguson [2012] provides the following segmentation: 

 

¶ Educational data mining was primarily focused on the technical challenge:  How can we extract value from 

these big sets of learning-related data? 

¶ Learning analytics was primarily focused on the education challenge: How can we optimise opportunities for 

online learning? 

¶ Academic (and action) analytics were focused on the political/economic challenge: How can we 

substantially improve learning opportunities and educational results at national or international levels? 

[Ferguson 2012] 

 

 More arbitrary classifications can be useful, so creating a view based on a melding of activities and processes, purpose and 

end use. Thus Brown [2011] breaks down learning analytics into the following concerns  

 

¶ Data collection: This entails the use of programs, scripts, and other methods to gather data. This can be 

data from a single source or a variety of sources; it can entail large to very large amounts of data, and the 

data can be structured (e.g., server logs) or unstructured (e.g. discussion forum postings). The specific 

design of the collection activity is informed by the goals of the LA [learning analytics] project. 

 

¶ Analysis: Unstructured data is usually given some kind of structure prior to analysis. The data is subjected 

to an appropriate combination of qualitative and quantitative analysis. The results of the analysis are 
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reported using a combination of visualizations, tables, charts and other kinds of information display. 

 

¶ Student Learning: This core goal distinguishes learning analytics from other kinds of analytics. LA seeks to 

tell us about student learning: what learners are doing, where they are spending their time, what content 

they are accessing, the nature of their discourse, how well they are progressing, and so on ï at the 

individual or cohort level or both.  

 

¶ Audience: The information that LA returns can be used to (1) inform instructors, (2) inform students, or (3) 

inform administrators. Common to all three is that the reports enable appropriate interventions. Typically (1) 

and (2) enable course-level interventions, while (3) informs interventions at the departmental, divisional, 

and institutional levels. The kinds of data and analysis employed depend on the intended audience. 

 

¶ Interventions: The reason for doing LA is to enable appropriate interventions at the individual, course, 

department, or institutional level. LA can do more than just identify students at risk. By analyzing the digital 

ñbreadcrumbsò that students generate when participating in all aspects of a course, it is possible to observe 

student progress at specific stages and at specific activities in a course. The potential of LA is to be able to 

indicate what is working and what is not at a much finer level of granularity than ever before, even while a 

course is in progress. 

[Brown 2011] 

This multiplicity of definitions should not be taken to indicate a field in confusion, but rather indicate the richness of the 

domain and the multiplicity of approaches to it. Ferguson [2012] provides a very readable guide to the development of the 

field and its terminology. 

2.3 ILLUSTRATIVE EXAMPLES 

In this section we provide examples of analytics. The first two are learning analytics examples that predict individual student 

performance. They are Course Signals, a relatively early example of learning analytics that is in use today, and 

Desire2Learn Analytics, which will reach the market in 2013. The third example is the use of academic analytics to predict 

enrollment by potential students, so as to focus recruitment efforts. The fourth is a recommendation engine used to 

recommend books to library catalogue users. Besides these, three examples of commercially-available analytics systems 

appear in Section 4.8. 

Purdue University: Course Signals 

An early and stand-out example of learning analytics is Purdue Universityôs Course Signals [Purdue 2012]. First piloted in 

2007, Course Signals is currently marketed by SunGard [SunGard 2011], which in turn has a relationship with Blackboard 

[Gilfus 2012]. 

 

Course Signals analyses individual student performance to predict those students who are at risk of performing badly, so as 

to enable positive interventions aimed at reducing this risk.  

Course Signals uses an algorithm to work out if a student is in a low, medium or high academic success risk group  and a 

simple traffic light colour code is shown to students and academic staff.  The risk categories are updated when the instructor 

runs Course Signals rather than happening in real time.  
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Instructors then use Course Signalsô facilities to communicate with at-risk students and provide interventions of various 

kinds, for example meeting with students, or using programmatic facilities to automatically recommend resources to help at-

risk students.  

 
 

         
 

Figure 2: Mobile and web interfaces to Course Signals [Purdue 2012]. 

 

For students on a particular course the 

é algorithm that predicts studentsô risk statuses has four components: performance, measured by 

percentage of points earned in course to date; effort, as defined by interaction with Blackboard Vista, 

Purdueôs LMS, as compared to studentsô peers; prior academic history, including academic preparation, high 

school GPA, and standardized test scores; and, student characteristics, such as residency, age, or credits 

attempted.  [Arnold and Pistilli, 2012, our italics] 

 

In a recent development, it appears that Course Signals now uses 44 different indicators as input to its algorithm [Gilfus 

2012]. 

Arnold and Pistilli [2012] have done an analysis of three years of use of Course Signals. There was, overall, a 10% increase 

in numbers of As and Bs awarded in semester-long courses, and a 6.41% decrease in Ds, Fs and withdrawals from the 

courses after the introduction of Course Signals.  Retention also improves, and increases according to the number of Course 

Signals enabled courses that each student participates in.  

Arnold and Pistilli [2012] also provide the results of survey data where ñthe overwhelming response from the students is that 

Course Signals is a helpful and important tool that aids in their overall academic successò. They report that faculty also 

provided positive feedback on the benefit of Course Signals, including identifying at-risk students and that students seemed 

more proactive after exposure to Course Signals, for example starting large assignments earlier, and posing more questions 

about assignments.  
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Desire2Learn Student Success System 

Desire2Learnôs current offering, Desire2Learn Analytics, includes the ability to see real-time reports on success and 

retention, identify at-risk students and track intervention and outcomes, and report against institutional metrics. Staff users 

can drill down in detail examining competencies, engagement and assessment responses. Various model management, 

forecasting and data visualisation capabilities are available for system customisation. 

However, Desire2Learnôs forthcoming Student Success System (S3) seeks to further increase accuracy in prediction of at-

risk students. In describing S3, Essa and Ayad [2012a 2012b] propose that use of a single prediction model as used in 

Course Signals can not provide adequate predictive accuracy given the variation in individual courses within an institution, 

for example, the way they are taught, the experience of the instructor, the level of difficulty of content, and/or the motivation 

of students. To better respond to influences caused by course variation, S3 uses an ensemble technique where the results of 

multiple predictive models are combined on a course-by-course basis.  

S3 pays attention to visualisation and providing actionable information. For example, using screenshots from [Essa and Ayad 

2012a], we see that an example student is at risk in maths, and we drill down to see he is both disengaged and under-

performing, and is clearly identified as at risk of dropping out. 

 

  
 

Figure 3: S3 student overview and part of a drill-down view, showing engagement on the x-axis and performance on the y-

axis [Essa and Ayad 2012a] 

For each student on each course S3 provides an overview of factors contributing to success in that course, to aid in the 

construction of appropriate interventions. Thus in the figure 4, Kate, while performing just better than class average, is seen 

to have a predicted grade 8% less than class average. She is outwardly seeming an ideal student; her preparedness index 

and attendance and completion ratings are up. But her participation and social learning are down, likely explaining the 

prediction. Drilling down to a sociogram, we see that Kate is not interacting via social media. We are then able to start to 

design an intervention to address the problem. 

 



JISC CETIS Analytics Series: Vol.1 No. 3. Analytics for Learning and Teaching 

12 

 
 

Figure 4: S3ôs overview of contributory indexes for a student and (non) connectedness to other students [Essa and Ayad 

2012a] 

S3 provides, via its notes screen, a basic case management tool for managing interventions, with the aim of (later in the 

development cycle) also measuring the effectiveness of interventions.  

 

 
Figure 5: S3ôs case management sub-stem shows a record of contacts and interventions [Essa and Ayad 2012a] 

 



JISC CETIS Analytics Series: Vol.1 No. 3. Analytics for Learning and Teaching 

13 

One could imagine that analyses of effectiveness ratings and the corresponding case data could be used to inform an 

institutional programme to improve the effectiveness of interventions. 

Baylor University Admissions  

Baylor University reported using SAS Enterprise Miner for predictive modelling applied to admissions, retention and 

fundraising (alumni donations)  [Bohannon 2007]. We concentrate on admissions. 

Baylor identified eight variables to use in modelling to predict the likelihood of enrollment by their Texas-resident applicants 

[Campbell et al 2007]: 

¶ Attendance of a premier event 

¶ Campus visit 

¶ Extracurricular interest 

¶ High school attended 

¶ Mail qualifying score (Baylor level of  interest)  

¶ SAT score (for non-Texas residents, this variable was replaced by the number of solicited contacts)  

¶ Number of self-initiated contacts 

¶ Tele-counselor score (Baylor level of interest) 

Students were scored with the predictive algorithm on a weekly basis to segment the applicant pool, and target those most 

likely to enroll. Students with high scores were sent more promotional materials than low scorers, were telephoned by 

admissions tele-counselors, and sought out by admissions counsellors visiting high school.  [Campbell et al 2007] 

In the current climate for UK HE, it is worth examining how widespread the use of analytics is elsewhere. Some data for the 

USA is supplied by Noel-Levitz [2011a], who administer a national electronic poll of undergraduate marketing and student 

recruitment practices that is emailed to enrollment and admissions officers at all accredited two-year and four-year degree-

granting institutions. For 168 private institutions and 65 public institutions responding to the survey, figure 6 shows the use of 

statistical modelling for enrollment prediction, and its perceived effectiveness. 
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Figure 6: Percentage of a sample of 133 US tertiary institutions using statistical modelling to predict if particular enquirers 

(left) and admitted students (right) will enroll and institutional ratings of the effectiveness of models and tools in use. 

Prepared by the authors from data in [Noel-Levitz 2011a]. 

 This should be seen against a backdrop of costs of recruitment in the USA. According to a 2011 survey the median cost for 

private college and university recruitment of an undergraduate was US$2,185 [Noel-Levitz 2011b]. 

Open University RISE 

The Open Universityôs Recommendations Improve the Search Experience (RISE) is an interesting project, executed at a cost 

of £68,000 (including a £50,000 JISC grant).  RISE is a good example that refutes the idea that analytics necessarily needs 

large, complex and expensive approaches.  

Instead RISE uses a relatively simple database (containing data about the activities of library users and the courses they are 

on) to provide recommendations to users using the Open Universityôs Libraryôs search facilities. Three kinds of 

recommendations are offered: 

¶ Search related: ñPeople using similar search terms often viewedò 

¶ Relationship based: ñThese resources may be related to others you viewed recentlyò ñPeople who looked at this 

resource also looked atéò 

¶ Course based: ñPeople on your course(s) viewed...ò 

In April to December 2011 the RISE interfaces served just under 20,000 page views, and users clicked on 6,600 

recommendations [Nurse 2012]. In a survey of RISE users [RISE 2011], 61% of users rated RISEôs recommendations as 

ñvery usefulò or ñquite usefulò. Some triangulation is supplied by 50% of users rating the recommendations as ñvery relevantò 

or ñquite relevantò. 

 
 

 
 

Figure 7: Ratings for RISE as shown in [RISE 2011]. 

Left: Usefulness of recommendations ï purple = óveryô, green = óquiteô. 

Right: Relevance of recommendation ï purple = óveryô, green = óquiteô. 

While RISE was only supposed to be a short-term and experimental system (to answer the question of whether students 

using discovery systems would find recommendations to be useful), the Open University continues to provide and observes 

use of recommendations via the RISE Google gadget [Nurse 2012].  
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3. Uses 
Examining the student lifecycle is one place to start looking for leverage that may be achieved by the use of analytics.  One 

definition of stages in the student lifecycle is provided by JISC  [Chambers and Paull 2008]. For that, the stages, with some 

speculation, are: 

¶ Pre-application (targeting enquirers/future applicants) 

¶ Application (targeting applicants/future enrollments) 

¶ Pre-registration 

¶ Registration 

¶ Induction (personalised induction components depending on factors such as language, home location) 

¶ Teaching and learning processes (see elsewhere in this report) 

¶ Pastoral care  (hand in hand with learning processes) 

¶ Employability and careers services (discovering employability matches) 

¶ Graduation (data source ï degree subject, type and pass level) 

¶ Alumni processes (fundraising) 

¶ Gathering marketing data from graduate career progression (data source) 

Elsewhere, in a recent EDUCAUSE survey of US institutions using analytics [Bichsel 2012], several categories of use of and 

potential use were identified.  

In Figure 8, the histogram on the left shows actual use. Most institutions were collecting data in all areas, but only the top 

three areas (enrollment management, finance and budgeting and student progress) showed over 50% of the surveyed 

institutions used analytics.  

Again in Figure 8, the histogram on the right shows the potential of analytics as perceived by survey respondents, who ñwere 

asked to rate the potential of analytics to address various institutional challenges while considering both the potential 

benefits of analytics and the inherent magnitude of the challengesò [Bichsel 2012]. 

One aspect of the results surprised us, the amount of existing use of analytics for finance and budgeting. It may be possible 

that this is a result of analytics being cast particularly broadly to the survey respondents: the EDUCAUSE working definition 

of analytics is that ñAnalytics is the use of data, statistical analysis, and explanatory and predictive models to gain insights 

and act on complex issues.ò Taking that definition to its limits, any institution that examines data on its financial performance 

could be performing analytics. 
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Figure 8: Survey results on the use of analytics (left) and areas were analytics is perceived to bring large or major benefit 

(right) [Bichsel 2012] 

However the categories in the above by no means describe all use of analytics in education. For example, Bienkowski et al 

[2012] provide, inter alia, an overview of educational data mining for dynamic personalisation of online learning. 

Since the potential uses for learning analytics are many and varied, we will limit ourselves to a brief discussion of a few 

specific uses in the following sections. These uses are the important topics of sensemaking and predicting student 

performance, a forward looking discussion on the use of learning analytics to drive pedagogic agendas, and use of learner 

behaviour to drive resource recommenders and resource management systems. We close with a note on other benefits of 

embarking on an analytics programme. 
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3.1 SENSEMAKING 

To make rational, informed decisions in the world, including the world of education, and to act on them, we need first to make 

sense of the world. 

Sensemaking is a motivated, continuous effort to understand connections . . . in order to anticipate their 

trajectories and act effectively. [Klein et al. 2006] 

As Siemens notes [Diaz and Brown 2012] the evidence-based informing role of learning analytics plays a strong role in the 

process of sensemaking. In this, Siemens [2011] maintains that ñLearning analytics are a foundational tool for informed 

change in educationò and provide evidence on which to form understanding and make informed (rather than instinctive) 

decisions.  

3.2 IDENTIFYING STUDENTS AT RISK 

Identifying students at risk is a predictive task that seeks to identify students at risk of under-performing at a time far enough 

in advance that there are still opportune moments to intervene in order to increase the probability of student success. 

One kind of predictive model for identifying students at risk is built using causal models 1 that have identified links between 

certain measurable data attributes describing past student behaviour and the performance of a student. Thus, this kind of 

modelling is dependent on a body of historical data.  

Another kind of predictive model can be built using social network analysis, where connectedness of a student to others and 

participation in web-mediated knowledge sharing and learning activities is used as a surrogate (or proxy) measure for 

student engagement and learning.   

Identifying causal models can be a large task and may not be desirable for all institutions, and purchase of a package to do 

the óheavy liftingô may be more desirable; for example SunGard and Blackboardôs version of Course Signals for Blackboard. 

With such an approach, there should be a phase of testing before full-scale adoption to ensure that the predictive model in 

use by the chosen system will provide useful predictive insights.  

Besides choice of indicators and model construction, there are other considerations to be taken into account in building 

predictive systems. These considerations include: 

 

¶ Quality of data. Any model is only as good as the data being used to drive it. If a system is being considered that 

requires data that is either not being tracked or not being tracked accurately enough, then steps must be taken first to 

record or improve the data. 

 

                                                             

 

 

1 The standard use of the word causal in the literature is potentially confusing and needs careful consideration:  
causal models do not explain or imply causality, they are merely concerned with the relationship between input variables and 
outputs from the model.  
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¶ Real time or manual. Is the model going to be providing real-time results or will the model be run manually on an on-

demand basis? Real-time results can be used to drive notifications and provide current insight into the data, but these 

come at a cost, usually of significantly more resources being needed to calculate results.  

 

 

3.3 DRIVING PEDAGOGIC CHANGE 

While it is tempting to think of learning analytics as providing an easy means of proving that one pedagogic approach is 

superior to another, this should be viewed with suspicion. The multiplicity of uncontrolled variables may makes this prospect 

unlikely. 

Instead, learning analytics may be to drive pedagogic change: Decide what pedagogy you want to use, and consider how 

learning analytics can support the use of that pedagogy. For example, consider how learning analytics could be used to 

support an interest in constructivist learning by groups of peer-assisted learners.  One scheme that could be used in such a 

scenario is shown in Table 3, where a system is proposed to predict students at risk, according to isolation from the rest of 

the group, as measured by engagement with social media. Success in subsequent interventions that contribute towards 

success in the use of constructivist learning may in turn be used to drive forward the social constructivist learning agenda. 

 

 
 

Table 3: An example illustrating how analytics might support learners who might operate better within a constructivist 

approach to learning. [Greller and Drachsler 2012] 
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While the above, from [Greller and Drachsler 2012], is an evocative sketch, it is, at this level of detail, necessarily 

incomplete. Further aspects of interest include the nature of the interventions, addition of intervention skills as a required 

competence, and the nature of the Social Network Analysis to be applied. 

In fact Greller and Drachsler [2012] see the learning analytics framework they advance as part of a larger endeavour in 

pedagogy somewhat similar to the use advanced here. 

 

 
 

Figure 9: Learning analytics influenced by and influencing pedagogy  [Greller and Drachsler 2012]. 

3.4 USE OF ACTIVITY DATA 

The RISE example in section 1.2.4 introduced the use of learning analytics to automatically recommend resources to 

learners on the basis of actions by other users.  RISE is an example that uses activity data ï data that record actions by 

users ï in this case data recording use of library resources by users.  

Data about resource use can be used for resource management purposes, including purchasing decisions. By understanding 

how resources are actually being used, it becomes possible to plan more effectively. Managing library resources is the use 

that most readily springs to mind, but any resources whose use is trackable are amenable to this kind of treatment. We have 

seen activity data being used to improve diverse educational services. 

3.5 ANCILLARY BENEFITS 

As reported by Brady [2012], at the University of Roehampton, staff development occurred as a result of staff engaging in the 

University's  fulCRM Project: 

Staff in Learner Services refreshed their approach to what they do with students (and this now needs to be 

rolled out across all academic areas to ensure a seamless approach), but we have also developed new skills 

in the application of service analysis tools which should be beneficial to the development of the institution as 

a whole. 
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4. Adoption 
A multitude of factors lay the ground for and lead to successful adoption and application of analytics in educational 

institutions.  

4.1 FACTORS LEADING TO SUCCESSFUL ADOPTION 

Campbell et al [2007] describe characteristics of successful analytics projects as having 

 

1. Leaders who are committed to evidence-based decision-making 

2. Administrative staff who are skilled at data analysis 

3. A flexible technology platform that is available to collect, mine, and analyse data 

In part Campbell et al [2007] draw on Goldsteinôs earlier research that surveyed 380 institutions in the US and Canada, and 

interviewed 27 individuals from 21 institutions and two corporations that ñindicated that they were enjoying exemplary 

success using academic analytics in one or more areasò [Goldstein 2005]. In this context, Goldstein comments on 

management culture and its effects on successful analytics: 

We looked to see what relationships exist between institutions that reported successful outcomes and 

institution type, management climate, technology platform, and the ways in which they use academic 

analytics. Across these categories, the most significant relationship is between aspects of the respondentôs 

management climate and successful outcomes. In fact, there are three attributes of management climate that 

all have strong relationships with each of the institutional outcome measures: 

¶ Institution provides effective training 

¶ Staff are skilled at academic analytics 

¶ Leadership is committed to evidence-based decision making 

Each of these factors is associated with positive institutional outcomes. 

[Goldstein 2005] 

More recently, Bichsel [2012] identified that survey respondents and focus group participants had four major areas of 

concern in the introduction of analytics: 

¶ Institutional culture and leadership 

¶ Staff expertise in the technical business of performing analytics and in making decisions on the basis of analytics. 

¶ Access to data that is of the requisite quality for analytics 

¶ The affordability of analytics 

Along similar lines, we point to analytics as a component in socio-technical systems, and therefore emphasise both the 

human and the technical aspects of analytics. For example, analytics is a basis for human decision making and action: a 

solution that involves analytics can only be as good as both the human and technical components. 

4.2  INVESTMENT IN ANALYTICS 

As well as the human resource aspects mentioned above, financial commitment is also needed for analytics. However, this 

can vary in scale; one example provided above, RISE, a library-based recommendation system, was implemented and rolled 

out at a cost of £68,000.  
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On the other hand, in a USA-based survey of 378 institutions using learning analytics seven years ago [Goldstein and Katz 

2005], the top spenders were spending in excess of $400,000 p.a. (five year expenditure is shown in Figure 10).  

 

 
Figure 10: Eight year old figures for spending over five years by 378 US institutions [Goldstein and Katz 2005] 

4.3 THE ANALYTICS ADOPTION PROCESS 

For a process of adoption, Diaz and Brown maintain an iterative cycle of stages is required to use analytics: 

To be effective, learning analytics must be based on an iterative looping. Siemens presented a model for the 

analytics cycle, entailing the following: 

¶ The collection and acquisition of data, guided by the overall purpose 

¶ The storage of the data 

¶ The cleaning or regularizing of the data 

¶ The integration of data into coherent data sets 

¶ The analysis of the data 

¶ The reporting and visualization of the analysis 

¶ The actions that are enabled by the evidence contained in the reports 

[Dias and Brown 2012] 

We advance a model of stages in adoption of analytics, starting from institutional strategy and ending in an ongoing cycle of 

iterative improvement. Obviously there are many variations, for example, in a particular institution there may have been an 

early analytics project that predates an institutional strategy.  

Our general model for adoption is shown in Figure 11.  
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Figure 11: A model for adoption, use and improvement of analytics 

In this model two feedback loops are particularly noteworthy: 

¶ In the process of formulating a model on which to base analysis, we note potential feedback between data collection, 

data investigation and data cleaning, and modelling. What models may be designed or found depend on the data 

available, and a given model may influence what data is collected and sanitised. 

¶ Analytics should not be a static process; evaluation of the results of analytics and intervention (any kind of action 

triggered by analytics results) should result in an examination of how the process can be improved. This is the iterative 

improvement shown in Figure 11. 

Other feedback is neither shown, nor precluded, for example between modelling and visualisation as system developers 

build and improve an analysis system. 
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Of course this iterative looping should be subject to process improvement in the individual stages. For example, the quality of 

data produced by analytic processes may be improved as a result of iterative experimentation. 

4.4 ANALYTICS MATURITY 

Davenport and Harris [2007] advance the following five stages of organisational progression to full adoption of analytics 

 

¶ Analytically Impaired 

The organization lacks one or several of the prerequisites for serious analytical work, such as data, analytical 

skills, or senior management interest. 

¶ Localized Analytics 

There are projects of analytical activity within the organization, but they are not coordinated or focused on 

strategic targets. 

¶ Analytical Aspirations 

The organization envisions a more analytical future, has established analytical capabilities, and has a few 

significant initiatives under way, but progress is slow ï often because some critical DELTA factor has been 

too difficult to implement. 

¶ Analytical Companies 

The organization has the needed human and technological resources, applies analytics regularly, and 

realizes benefits across the business. But its strategic focus is not grounded in analytics, and it hasnôt turned 

analytics to competitive advantage. 

¶ Analytical Competitors 

The organization routinely uses analytics as a distinctive business capability. It takes an enterprise-wide 

approach, has committed and involved leadership, and has achieved large-scale results. It portrays itself both 

internally and externally as an analytical competitor. 

[Davenport and Harris 2007] 

Using the acronym DELTA, Davenport et al [2010] also define five assets and capabilities for analytics, providing information 

on how to transition each aspect across the various stages of analytic maturity shown above.  

The DELTA assets and capabilities are; 

¶ Data: accessible, clean, high-quality data 

¶ Enterprise: An enterprise-orientation enables leverage of analytic results across the organisation, rather than 

in just one part of the enterprise and analytics data contributing to particular targets may be sourced in 

different parts of the enterprise. 

¶ Leadership: Leaders are committed to data driven decisions, processes and customer relationships, with a 

desire to drive the organisation towards a data driven style decision making. 

¶ Targets: Analytics targets demonstrate a good Return on Investment, and are valuable because, often, 

enterprises have neither the resources nor the analysts to make the entire company data-driven. 

¶ Analysts: The human resource that builds and maintains the models that drive analytics, and that helps 

business stakeholders interpret the results of analytics.  

[Davenport et al 2010] 
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Davenport et al [2010] maintain that it is useful to progress each of these in step across the each of the five DELTA assets 

and capabilities.  In such a way a company (or an educational institution) may avoid the problems arising from leadership 

wanting analytics-based decision making before the data or enterprise orientation is in place to enable this.  

Equally, the authors also maintain that an organisation does not need to be at the most mature level, competing on the basis 

of analytics, in order to gain advantage from analytics. Thus, for example, localised analytics is a good place to be, with 

some benefits appearing from analytics, en route to a later and more mature status. Again, this is very much the position 

advanced in this paper, that localised analytics advances awareness and builds experience and readiness to move on to 

greater levels of analytic maturity. 

Drawing in part on Davenport et al, Bichsel [2012] constructed a measure for analytics maturity tailored for educational 

institutions as follows. 

Bichsel elicited the following topics from focus group participants as important in assessing analytics maturity: 

 

¶ Accessibility of data 

¶ Centralization/integration of data 

¶ Quality of data 

¶ Data capacity 

¶ Number and expertise of analytics professionals 

¶ Communication between IR and IT 

¶ Data-based decision making as a part of the overall culture  

¶ Analytics as part of the strategic plan 

¶ Documented ñwinsò using analytics 

¶ Budgeting for analytics 

¶ The availability of appropriate tools/software 

¶ The existence of policies regarding data security and privileges 

[Bichsel 2012] 

 

Results of a questionnaire based on the above were then factor analysed to produce these five indicators of analytics 

maturity 

 

¶ Culture/Process 

¶ Data/Reporting/Tools 

¶ Investment 

¶ Expertise 

¶ Governance/Infrastructure 

[Bichsel 2012] 
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A comparison of Bichselôs indicators of maturity with Davenport et alôs DELTA factors is appears in table 4; while it appears 

that there is some divergence, using one or another set of measures should, with the inclusion of investment, enable a 

relatively rapid assessment of institutional analytics maturity. 2 

 
 

 Data/ 

Reporting/ 

Tools 

Culture/ 

Process 

Governance/ 

Infrastruct. 

Expertise Investment 

Data similar     

Enterprise similar similar similar   

Leadership   similar   

Targets possibly similar     

Analysts    similar  

 

Table 4: Comparison of maturity indicators found by Bichsel [2012] (x axis) with Davenport et alôs [2010] DELTA 

 indicators (y axis) 

4.5 HUMAN, SOCIAL AND MANAGERIAL ASPECTS OF ADOPTION 

The human, social and managerial aspects of analytics adoption are geared towards building an organisation that values 

evidence-based decision making over ógut feelingsô and óintuitionô. The DELTA transitions give a large amount of focus to 

these aspects of adoption, with four out of the five aspects being concerned with the human side of socio-technical systems: 

¶ Enterprise 

¶ Leadership 

¶ Targets 

¶ Analysts 

The social aspects of analytics adoption are mostly in-house organisational change, although there is some amount of óbuyô 

that can be done in the form of targeting recruitment at employees with demonstrated analytical and data-oriented skills in 

their chosen capacity.  

A key aspect of building an analytical organisation is ensuring the availability of requisite skills for analytics. This is required 

at several levels of the organisation, including:  

                                                             

 

 

2 Hedtek Ltd, authors of this report, undertake analytics maturity surveys for educational institutions and provide consultancy in 
transitioning to greater maturity. 
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¶ Inspired leadership that drives forward the use of analytics approaches throughout the institution. 

¶ Managerial leadership that encourages the adoption and use of analytics. 

¶ Analysts who provide requisite modelling skills. 

¶ Users who are enthusiastic about the use of data driven decision making and have the requisite skills to act and 

intervene on the basis of analytics output. 

With an eye to adopting learning analytics within an educational institution, the above applies, but, depending on the scope 

of analytics driven operations, there may also be a need to foster skills within evidence-based pedagogy and the use of 

analytics to design courses, student interventions and other aspects of learning.  

The creation of a data-oriented institution is a gradual process that requires continuous focus at all levels. In our experience, 

borne out by the literature, an initial focus on analytics, followed by a small successful analytics programme, builds 

institutional competence and leads to further adoption of analytics. 

4.6 TECHNICAL INFRASTRUCTURE: BUILD OR BUY 

The technical aspects of an analytical infrastructure are amenable to purchasing, with a wide variety of components that can 

be purchased, ranging from data gathering components to analytics platforms and services. 

A useful set of questions in forming any build or buy decision for the technical components of an analytics solution is: 

¶ Are the data sources required available? 

¶ Are there any commercially available solutions that support your aims in your analytics programme? Do they work with 

your platforms and/or data sources (possibly after some work in interfacing)? If not, the only available route is build. 

¶ Does the proposed solution, build or buy, rely on skills that the institution does not (yet) possess? For example, if 

statistical knowledge is required, is it available? Are there sufficient development resources and skills for build?  

¶ Depending on the components, build may require additional expertise e.g. data visualisation designers, hardware 

designers, software engineers, project management.  

¶ Is the institution deliberately embarking on a programme of developing its capacity to implement its own analytic 

solutions? How will build contribute to in-house development skills? Might the introduction of a bought system lead the 

way in terms of an early success, or might it, as in the case of a data warehousing and data mining solution, provide 

facilities to develop analytics solutions in-house? 

Finally, having come to a build or buy decision for various aspects of technical infrastructure, be aware that buying does not 

mitigate the need for aspects of build in an institution; many of the social/managerial aspects in the table below will need 

attention. Further, for a bought-in data warehousing and analysis approach, modelling and visualisation may still need 

attention. 

4.7  BUILD 

We discuss some aspects of building the technical component of an analytics solution. Some of these also might apply to a 

buy decision, for example finding and cleaning data sources, building predictive models in a data warehousing solution, and 

integrating different purchased systems. 

 

In the following we concentrate on data sources, modelling and visualisation. 
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Data sources 

The choice of data has aspects of some sensitivity, for example, should we or should we not include in analyses data about 

student background, particularly, where it is available, social deprivation, ethnicity or religion? Much depends on the aim of 

analytics; thus a well-motivated case for the inclusion of social background would be in the case of building a system to 

assist in identifying potential students as part of a programme encouraging wider participation in HE. However, the inclusion 

of information about student ethnicity in a system to monitor student performance is unlikely to be viewed in a positive light in 

the UK, either by staff or students.  As Greller and Drachsler [2012] carefully state:  

We have to prevent re-confirming old-established prejudices of race, social class, gender, or other with 

statistical data, leading to restrictions being placed upon individual learners. 

With this in mind we can consider possible data sources. One reasonably comprehensive list of sources is supplied by 

Campbell and Oblinger [2007], reproduced in Table 5. 
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Table 5: Some of the types of institutionally-held data that might act as indicators, with sample data values, sources and 

frequencies of update [Campbell and Oblinger, 2007]. Acronyms are SIS for Student Information System, and CMS for 

Content Management System.  

 

For institutions starting out with analytics, an initial institutional data survey is a good first step in discovery of available data 

sources. This information should be made available to analysts for future construction and refinement of their analytic 

models. 

Thought should also be given to the storage of data in terms of the quantity of data to be stored, any data cleansing that 

might be required, and storage and retrieval interfaces.  

 


























