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General interest in utilizing unstructured data

80 percent of business-relevant information 
originates in unstructured form

“The 80%/85%/90% unstructured figures come from, 
well, everywhere. “X percent unstructured” is so obvious 
to all of us working in text analytics that we’ve never dug 
up the research or even ascertained that it actually 
exists. This bit of common wisdom falls in the category, 
“if it didn’t exist, we’d have to invent it,” and perhaps we 
did. It is qualitatively true in the sense that it reflects our 
experience.” 

- Seth Grimes, 2008



University strategy
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Practical problem
”I have my hands tied in arranging a conference. At the same 
time I should be planning how to develop our course from last 
semester. I have thousands of feedback items collected from the 
last course. Could you help me to analyze the feedback?”
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Background



Business opportunity

Course development
(teachers)

Programme development
(leaders)

University’s quality 
system

(funding) 
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Can machine learning help 
to categorize students’ 
textual feedback?



From business need to solution: How to create a text 
classification model for categorizing student course feedback?

Cross-industry standard 
process for data mining 
(CRISP-DM) is a common 
approach for analytics model 
creation - first 3 steps 
typically takes 80-90% of total 
time



Azure Machine Learning Studio was used to 
preprocess text and train the model

• Data pre-processing (removing unnecessary 
characters and stop words, stemming)

• Feature extraction
• Model building and training
• Model evaluation
• Model deployment

Azure Machine Learning Studio



Step 1: Data labeling

Feedback data was extracted from Moodle 
LMS, 780 positive and 780 negative feedback

Supervised learning requires labeled data, we had to manually 
label the data from Moodle LMS consisting of 780 positive and 
780 negative feedback

Student curse feedback Labels (output)



Data understanding
Category Count
Positive: Content (general) 206

Positive: Lectures 180

Positive: Project 140

Positive: Staff 67

Positive: Assignments 66

Positive: Slack 48

Positive: Schedule 34

Positive: Garages 25

Positive: Grading 25

Positive: Peer grading 20

Positive: Quizzes 9

Positive: Other 9

Positive: Workload 5

Positive: Exam 1



Preparing the training data
Textual feedback 
has large number of 
noise such as stop 
words, 
abbreviations, 
typos, special 
characters – data 
pre-processing is 
key to high quality 
training data



Extracting information from text

Feature values 
for single 
feedback 
document

Features extracted from the feedback

Features extracted from text using 
statistical methods (TF and TF-IDF) 
which shows how important a word is in 
a document



Select and train your model

Model

Results
• Category A
• Category A
• Category B
• Category C
• ….

Input data

Textual data results in large number of features 
and a sparse data set - model needs to fit these 
characteristics



Evaluate model performance

Feedback category Results

Positive: Lectures Accuracy: 0.93, Precision: 0.92, Recall: 0.78

Positive: Assignment Accuracy: 0.92, Precision: 0.81, Recall: 0.73

Positive: Project Accuracy: 0.95, Precision: 0.91, Recall: 0.85

Positive: Content Accuracy: 0.84, Precision: 0.75, Recall: 0.69

Positive: Staff Accuracy: 0.95, Precision: 0.7, Recall: 0.7

Negative: Assignment Accuracy: 0.83, Precision: 0.72, Recall: 0.6

Negative: Peer grading Accuracy: 0.95, Precision: 0.82, Recall: 0.64

Negative: Lectures Accuracy: 0.97, Precision: 0.79, Recall: 0.92

Results indicate 
that machine 
learning can be 
used to categorize 
textual feedback -
more data will 
improve model 
performance



Operationalize model

Integrate Automate

MonitorScale Improve

Deploy



Conclusions & lessons learned

• Important to utilize also the information in textual feedback, augments the structured 
feedback data

• University wide solution requires that we standardize the course feedback metrics, 
categories and processes

• Collect more training data from courses to improve model performance
• Think about how to operationalize the model in order to achieve business benefits –

e.g., integrate with feedback and LMS systems
• Proof-of-concept solution has helped Aalto University to build machine learning 

competence in machine learning and text classification and get realistic understanding 
about the opportunities



Thank you!

Ville.Kivimaki@aalto.fi
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