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“Digital exhaust” 



Big data.     Business intelligence.     Analytics. 

“Datasets whose size is beyond the  
  ability of typical database software 
  tools to capture, store, manage, and 
  analyse” 

Manyika, J. et al., 2011, Big data: The next frontier for innovation, competition, and productivity, McKinsey Global Institute. 



Learning analytics 
The use of data about students and their 
activities to enhance education 



Drivers 



1. Data-informed decision making 
2. Understanding & quantification of 

educational processes 
3. Meeting government requirements 
4. Pressure from students 



Available from:  http://analytics.jiscinvolve.org/ 



Variety of motivations 
» Enhancing the student learning 

experience 
» Improving retention 

» Providing students with better 
information on their progress 

» Improving National Student Survey 
scores 

» Enhancing teaching 

» Building better relationships between 
students and staff 

» Providing additional support to under-
achieving groups 



Project goals: 

» to enhance retention 
» to increase a sense of belonging 

within the course community 
particularly with tutors 

» to improve attainment 

Nottingham Trent University 



Project goals: 

» provide information to reduce student attrition 
» help understand the factors affecting low pass rates in ‘killer 

subjects’, i.e. those with high failure rates 
» provide a dashboard to students showing their study and 

engagement patterns 

» better understand how different types of interventions affect 
student success 

» help to develop more personalised adaptive learning 

University of Technology, Sydney 



Applications 



1. Early alert and student success 

Student detail view - DTP SolutionPath 



Tutor view from DTP Solutionpath 





Signals at Purdue 

» Problems identified in 2nd week of 
semester 

» Interventions include: 
› Posting signal on student’s home 

page 
› Emailing or texting them 
› Arranging a meeting 

» Courses that deploy signals see 
consistently better grades 

» Students on Signals seek help earlier 
and more frequently 



2. Course recommendation 

Brightspace Degree Compass 



3. Adaptive learning 

LeaP Screenshot: D2L Corporation  







4. Curriculum design 



Is student behaviour as expected? 
Are the groups working? 
Are assignments being submitted on time? 
Is student performance on assessments 
satisfactory? 
 
To what extent did teacher behaviour affect 
student behaviour? 
 
 
 
 



Issue identified: a key piece of learning 
content is not being accessed by most 
students 
 
Questions: was the content too difficult, 
sequenced at the wrong time, or its 
importance not properly communicated? 
 
Intervention: ask students why they’re not 
accessing it; make content easier to find; 
communicate its importance better 
 
 
 
 
 



Issue identified: a particular minority group 
is not performing well in an aspect of the 
curriculum 
 
Questions: is this due to linguistic or 
cultural issues, lack of prerequisite 
knowledge or skills, or financial issues? 
 
Intervention: target additional support at 
the minority group 
 
 
 
 
 



Ethical and legal 
issues 





If a student is allowed to opt out of data collection and 
analysis could this have a negative impact on their 
academic progress? 
 
What should a student do if the suggestions are in conflict 
with their study goals? 
 
How can institutions avoid overly simplistic metrics and 
decision making which ignore personal circumstances? Available from Effective learning analytics blog: analytics.jiscinvolve.org 



If a student is allowed to opt out of data collection and 
analysis could this have a negative impact on their 
academic progress? 
 
What should a student do if the suggestions are in conflict 
with their study goals? 
 
How can institutions avoid overly simplistic metrics and 
decision making which ignore personal circumstances? 

86 issues in 9 groups 

Group Name Question Main type Importance Responsibility 
2 Consent Adverse impact of opting 

out on individual 
If a student is allowed to opt out of data collection and 
analysis could this have a negative impact on their 
academic progress? 

Ethical 1 Analytics Committee 

7 Action Conflict with study goals What should a student do if the suggestions are in conflict 
with their study goals? 

Ethical 3 Student 

8 Adverse impact Oversimplification How can institutions avoid overly simplistic metrics and 
decision making which ignore personal circumstances? 

Ethical 1 Educational researcher 



Group Name Question Main type Importance Responsibility 
2 Consent Adverse impact of opting 

out on individual 
If a student is allowed to opt out of data collection and 
analysis could this have a negative impact on their 
academic progress? 

Ethical 1 Analytics Committee 

7 Action Conflict with study goals What should a student do if the suggestions are in conflict 
with their study goals? 

Ethical 3 Student 

8 Adverse impact Oversimplification How can institutions avoid overly simplistic metrics and 
decision making which ignore personal circumstances? 

Ethical 1 Educational researcher 

 jisc.ac.uk/guides/code-of-practice-for-learning-analytics 



Techniques 



Social network analysis 



Interaction analysis – Blackboard X-Ray Learning Analytics 



There’s small, stocky horses and then there 
are the ponies and then the big, gigantic 
horses. So, I’m sure their surroundings 
probably played a role in their physical 
appearance over many hundreds of years. 

Ming, N. C. & Ming, V. L., 2015, Visualizing and Assessing Knowledge from Unstructured 
Student Writing, Technology, Instruction, Cognition & Learning, 10(1), pp. 27-44. 

Discourse analytics 



Does the strawberry plant have numerous 
offspring? [Do] its traits contribute to high 
population growth? Is the strawberry 
found in variable, temporary or 
unpredictable environments, where the 
probability of long term survival is low? Is 
it non-competitive? 

Ming, N. C. & Ming, V. L., 2015, Visualizing and Assessing Knowledge from Unstructured 
Student Writing, Technology, Instruction, Cognition & Learning, 10(1), pp. 27-44. 



Appreciation, Delight, Desire, 
Disappointment, Dislike, Emphatics, 
Enjoyment, Excitement, Fear, Frustration, 
Happiness, Hope, Humour, Irony / sarcasm, 
Like, Passion, Preference, Pride, Surprise, 
Thankfulness, Unhappiness, Wonder and 
Yearning. 

Cleveland-Innes, M., 2012, Emotional presence, learning and the online learning environment, 
IRRODL: The International Review of Research in Open and Distributed Learning, 13(4), pp. 269-
292. 

Sentiment and emotion analytics 



1. Early alert 

2. Course 
recommendation 

3. Adaptive 
learning 

4. Curriculum 
design 

Predictive 
analytics 

Social network 
analysis 

Discourse 
analytics 

Sentiment & 
emotion analytics 

Textual 
analytics 

Applications 

Techniques 



Data 











Jisc Survey: Data 
» Wide variety of sources 

» VLE and Student Information System 
are the main ones 

» Attendance records 

» Library systems 
» Assignment handling systems 

» Student survey data 



Metrics 



Signals at Purdue 

» Performance 
» Effort 

» Prior academic history 
» Student characteristics 



Composite metrics 

» use of library 
» attendance 

» VLE engagement 
 At-risk 



Predictive modelling 



Student LMS accesses 
(x) 

Result (%) 
(y) 

1 27 70 

2 70 62 

3 36 51 

4 85 75 

5 17 53 

6 55 65 

7 12 48 

8 59 67 

Linear regression 





Naïve Bayes 



California State University - Chico 
»Total hits is strongest predictor of success 
»Assessment activity hits is second 
»Metrics relating to current effort (esp VLE 

usage) are much better predictors of success 
than historical or demographic data. 

    John Whitmer 



“a student with average intelligence who 
works hard is just as likely to get a good 
grade as a student that has above-average 
intelligence but does not exert any effort” 
 
(Pistilli & Arnold, 2010) 



Marist College, New York 

»Predictive early alert model transferred to 
different institutions 

»Around 75% of at-risk students were identified 
»Most significant predictors were: 

› Marks on course so far 
› GPA 
› Current academic standing 

 (Jayaprakesh et al.) 



» 730 students identified as at-risk 

» 549 contacted: 
› 66% passed with av GPA of 4.29 

» Those not contacted: 
› 52% passed with av GPA of 3.14 

University of South Australia 



Comparative – social – gameified – private by default – usable standalone - uncluttered  

Student-facing analytics 

















Readiness 



Arnold, Lonn & Pistilli, 2014 

Survey of 33 people in 9 North American universities 
 
Rating from strongly disagree to strongly agree e.g. 
 
“My institution has a culture that accepts the use of data to 
make decisions” 
 
“My institution has professionals with knowledge and 
expertise in manipulating data from multiple sources and 
platforms to conform to institutional specifications” 



EDUCAUSE Benchmarking Service; EDUCAUSE Analytics Maturity Index for Higher Education, 2015 



Andy Ramsden, Blackboard 

• a strong vision and belief in the importance of learning 
analytics from senior managers in order to enhance the 
student experience 

• interest in better reporting and dashboards, rather than 
simply predictive analytics at this stage 

• interest in enhancing both progression and attainment 
• the agent of change seen primarily as the personal tutor 

mediating the data rather than automated, unmediated, 
student-facing dashboards 



Macfadyen & Dawson, 2012 

“A focus on technological issues merely generates ‘urgency’ 
around technical systems and integration concerns, and fails 
to address the complexities and challenges of institutional 
culture and change.”  



Arnold, Lynch, Huston, Wong, Jorn & Olsen (2014) 

“Absolutely vital to success was having a leader with a deep 
scholarly understanding of learning analytics principles and 
practices and the mechanics of creating predictive models.”  



1. Start on a small scale 
2. Support and empower the key stakeholders 
3. Transparency and openness are key to success 
4. Distribute learning analytics governance power 

structures (datasets, technical infrastructure & 
interventions) 

5. Minimise possibilities for conflict between different 
stakeholders by defining principles around the collection 
and use of the data 

Elouazizi (2014)  

Tips 



Sclater, 2017  Learning Analytics Explained 



What next? 



“ORU offers one of the most unique 
educational approaches in the world 
by focusing on the whole person - 
mind, body, and spirit.” 
 
President William M. Wilson, Oral 
Roberts University 

1. New data sources 





“learning analytics becomes as 
common as a chalkboard is to a 
classroom today” 
 
Dr Jeff Grann, Capella University 

2. Analytics as normal practice 



“Analytics can identify the shape of 
every module … and knows exactly 
which kind of path students have to 
take, and then provides a completely 
personalised path for our students.” 
 
Dr Bart Rienties, Open University 

3. Personalisation 



we may have to redesign our courses 
in order to motivate students to 
communicate more 
 
Prof. Dragan Gašević 



@sclater 

   analytics.jiscinvolve.org 

Book: 
Learning Analytics Explained 
Niall Sclater (Routledge, March 2017) 
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