
Practical Learning 
Analytics for 
Educators

Nurbiha A Shukor
School of Education

Universiti Teknologi Malaysia
nurbiha@utm.my

people.utm.my/nurbiha

mailto:nurbiha@utm.my


Outline
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• Tools for teaching and 
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• Conduct learning analytics 
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This class is exciting. The lecturers tell stories that makes this class and topic 
interesting. I do hope I am able to remember all that I’ve learned and will 
learn.



How often do we reflect on 
our teaching and react

accordingly?





Teachers and Teaching

“Today, I wanted to try something different. I organized a simple 
discussion task for peer discussion and carried out in a form of jigsaw. 
Their discussion output has to be shared in e-Learning UTM. I will 
evaluate their group work there then.”

……….. Later ………..

“Well, I think all of them has responded to my discussion questions.”



Teacher Inquiry

“[a process] that is conducted by teachers, individually or 
collaboratively, with the primary aim of understanding 
teaching and learning in context” (Stremmel, 2007)

https://www.naeyc.org/files/naeyc/file/vop/Voices-Stremmel(1).pdf




Data Literacy for Educators



What is Teaching Analytics?

• Methods and tools
• Teaching design
• Improve learning conditions
• Learners
• Teaching analytics Tool: The use of lesson plan



What kind of Teaching Analytics?

Time allocation for teaching activities?

Orchestration of activities, assessment and 
educational objectives?

Peer feedback?

Is the number of activities sufficient?



Tools for Teaching Analytics

• Learning Designer
• Lesson Plan Creator
• Common Curriculum



Example of Tool

https://www.ucl.ac.uk/learning-designer/



What is Learning Analytics?

"The measurement, collection, analysis and reporting of 
data about learners and their contexts, for purposes of 
understanding and optimizing learning and the 
environments in which it occurs" (SOLAR, 2011).



The Importance of Personalization

• Students’ different background
• Students’ different interest
• Students’ different learning needs

Robot Human



What Types of Data that We Collect?

• Static vs Dynamic Data
• Dynamic data:
• Data type #1: Engagement in learning activities. 
• Data type #2: Performance in assessment activities. 
• Data type #3: Interaction with Digital Educational Resources and Tools, 
• Data type #4: Behavioural data



Why Teachers Use Learning Analytics?

• Perceived Performance expectancy (degree to which an individual 
perceives that using LA will help him or her to attain a gain in job 
performance)
• Perceived Effort expectancy (degree of ease associated with LA activities)
• Perceived Social influence (degree to which that the beliefs (either positive 

or negative) of others (family, friends, peers, and others) will affect you to 
use LA)
• But, amongst the factors inhibiting engagement with PLA were performance 

expectancy and facilitated conditions that were related to training and a 
lack of understanding of predictive data.

Herodotou, C., Maguire, C., McDowell, N., Hlosta, M., & Boroowa, A. (2021). The engagement of 
university teachers with predictive learning analytics. Computers & Education, 173, 104285.





What do we get from Data?

Discover patterns from students’ data

Predict future trends in student progress

Recommend teaching and learning actions



Remember these Tools?



Strands in Learning Analytics

• Descriptive learning analytics – What has happened?
• Predictive learning analytics – What will happen?
• Prescriptive learning analytics – What should I do?



Descriptive Learning Analytics

SmartKlass - Dashboard



Descriptive Learning Analytics

SmartKlass - Dashboard



Predictive Learning Analytics
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Prescriptive Learning Analytics



How Teachers are Using these Data?

• Mostly engaged in elaboration, monitoring, and evaluation activities
• Frequently experienced confusion and enjoyment. 
• Expert instructors: reflection on personal teaching experience

Zheng, J., Huang, L., Li, S., Lajoie, S. P., Chen, Y., & Hmelo-Silver, C. E. (2021). Self-regulation and emotion matter: 
A case study of instructor interactions with a learning analytics dashboard. Computers & Education, 161, 104061.



How LA help students to Learn Better?

• Students’ perception about peer feedback that they received
• Sentiment analysis:
• feedback specificity, justification and constructivity, 
• rather than kindness. 

Misiejuk, K., Wasson, B., & Egelandsdal, K. (2021). Using learning analytics to understand student perceptions of peer 
feedback. Computers in human behavior, 117, 106658.



Predictive Learning Analytics in e-Learning 
UTM

• “Dropping out"  = "no student activity in the final quarter of the 
course.
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Predictive Model Indicator in e-Learning 
UTM: Community of Inquiry

• Cognitive Presence
• Social Presence
• Teacher Presence

Garrison, D. R., & Arbaugh, J. B. (2007). Researching the community of inquiry framework: Review, issues, and 
future directions. The Internet and higher education, 10(3), 157-172.



Depth and Breadth



What to do with the Insights?

• First, the user can acknowledge the insight. 
• This removes that particular prediction from the view of 

the user, e.g. a notification about a particular student at 
risk is removed from the display.

• The second general action is to mark the insight as 
"Not useful." 
• This also removes the insight associated with this 

calculation from the display, but the model is adjusted to 
make this prediction less likely in the future.



My Example

Research Objectives:
• To identify the relationship between online 

engagement with respect to students’ 
performance
• To synthesize online learning engagement 

patterns for high, medium and low-
performing students.

Shukor, N., Noor, N., Samah, A. N. & Zaid, N. (2021). Online learning engagement pattern among non-major computer science 
students learning programming, Tech Trends (Work in Progress)



What is Learning Engagement?

TYPES OF PARTICIPATION DESCRIPTION EXAMPLE

Notes This category of online participation refers to students reading materials in order 
to complete tasks or acquire a better grasp of the subject, which includes 14 
lecture notes, textbooks, and supplemental reading material.

•Lecture Notes Week 4 : Python Syntax
•Lecture notes Week 5 : Python Operators
•Textbook : Python Programming

Video lessons This category of online participation refers to students viewing resources to aid 
in the completion of a task or gaining a better understanding of the subject in 
the form of video including hands-on demonstration video and pre-recorded 
lecture videos.

•Video Lessons : Function
•Video Lessons : Using Python Software

Quiz This category of online participation refers to students doing the self-
assessment or concept test in multiple choice quiz format. There are 12 quizzes 
that have been designed in this course.

•Concept Test 1
•Concept Test 2

Exercises This category of online participation refers to students doing the given 
exercises. There are 2 exercises that have been designed in this course which 
need students to build a Python programming code to solve the simple 
mathematical problem given in the exercises.

•Exercise 1
•Exercise 2

Assignment & Homework This category of online participation refers to students who complete their 
homework or assigned assignments in the form of problem solving.

•Homework #2, Homework #3
•Assignment 1, Assignment 2

Learning Activities Active learning activities with peers, online group collaboration, and instructors 
using online technologies such as forum, chat, or web conferencing fall under 
this category of online participation.

•Forum: Share your Screenshots in Practice 1 and Practice 2
•Feedback: What today's like?
•Meeting Link

Performance Score This is a student’s final exam score that carries a weightage of 40%. •Online Final Examination Part A (20%)
•Online Final Examination Part B (20%)



Findings: Online Engagement and Learning 
Performance

GROUP TYPE VARIABLES OVERALL FREQUENCY MEDIAN

High Performing Group (n = 23) Frequency of occurrence 21566 904
Viewing resources: Video 1098 41
Viewing resources: Notes 5658 167
Participation in learning activities 856 36
Completing assessment: Exercise 129 5
Completing assessment: Quiz 7783 328
Completing assessment: Assignment 6042 246

Middle Performing Group (n = 23) Frequency of occurrence 19292 812
Viewing resources: Video 1007 38
Viewing resources: Notes 5594 213
Participation in learning activities 661 26
Completing assessment: Exercise 98 3
Completing assessment: Quiz 6882 263
Completing assessment: Assignment 5050 219

Low Performing Group (n = 25) Frequency of occurrence 19523 723
Viewing resources: Video 1198 47
Viewing resources: Notes 5939 219
Participation in learning activities 816 30
Completing assessment: Exercise 137 5
Completing assessment: Quiz 5932 223
Completing assessment: Assignment 5501 210



Findings: Online Learning Engagement Pattern 
among High, Medium and Low Performing Students



Findings

• There is a significant moderate relationship (rs = 0.443) between quiz 
and students’ learning performance.
• High-performing students are students who carry out a variety of 

online learning activities and attempt quizzes more frequently.
• Students who did not attempt quizzes as frequently as high 

performing students fall in the group of medium performing students.



Conclusion & Recommendations

• Formative assessments can gauge students’ engagement in learning 
online and lead to better learning performance.
• Educators should anticipate variety form of formative assessment while 

teaching online to trigger students’ engagement in learning online.



Hands On Activity: Data Analysis using 
WEKA

• Data Search
• Data Preparation in WEKA
• Data Analysis
• Data Interpretation



Data Literacy for Educators

Which online
learning behaviour
can predict their
learning
performance?



Data Search

• LMS: look for learning logs
• Download in the form of .csv
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Data Preparation for Analysis using WEKA

@relation weather
@attribute outlook {sunny, overcast, rainy}
@attribute temperature real
@attribute humidity real
@attribute windy {TRUE, FALSE}
@attribute play {yes, no}

@data
sunny,85,85,FALSE,no
sunny,80,90,TRUE,no
overcast,83,86,FALSE,yes
rainy,70,96,FALSE,yes
rainy,68,80,FALSE,yes
rainy,65,70,TRUE,no
overcast,64,65,TRUE,yes
sunny,72,95,FALSE,no
sunny,69,70,FALSE,yes
rainy,75,80,FALSE,yes
sunny,75,70,TRUE,yes
overcast,72,90,TRUE,yes
overcast,81,75,FALSE,yes
rainy,71,91,TRUE,no

https://tinyurl.com/y9z6mej3



Data Analysis: Predictive analytics

To decide to play outside or not based on prediction of weather conditions: sunny 
overcast rainy



Data Interpretation

Size of the tree : 8

Time taken to build model: 0.01 seconds

=== Stratified cross-validation ===
=== Summary ===

Correctly Classified Instances           9               64.2857 %
Incorrectly Classified Instances         5               35.7143 %
Kappa statistic                          0.186
Mean absolute error                      0.2857
Root mean squared error                  0.4818
Relative absolute error                 60      %
Root relative squared error             97.6586 %
Total Number of Instances               14     

=== Detailed Accuracy By Class ===

TP Rate  FP Rate  Precision  Recall   F-Measure  MCC      ROC Area  PRC Area  Class
0.778    0.600    0.700      0.778    0.737      0.189    0.789     0.847     yes
0.400    0.222    0.500      0.400    0.444      0.189    0.789     0.738     no

Weighted Avg.    0.643    0.465    0.629      0.643    0.632      0.189    0.789     0.808     

=== Confusion Matrix ===

a b   <-- classified as
7 2 | a = yes
3 2 | b = no

https://tinyurl.com/y9z6mej3

Fleiss considers kappas > 0.75 as excellent, 0.40-0.75 as 
fair to good, and < 0.40 as poor.

It measures how much better the classifier is, compared to 
guessing with the target distribution (based on ground 
truth).



Research on Learning Analytics
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