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Supervised learning




Supervised learning
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Supervised learning
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Classification vs Regression

Classification: predicting a discrete class label (categorical) output for an example

Regression: predicting a continuous variable output for an example

Classification Regression




Machine Learning Process

Ask a question to frame the
business problem

GET Get relavent data for analysis
the data

based on the question

EXPLORE Explore data to remove anamolities

the data

MODEL Fit and validate model based on

the data set
the data

Communicate the results in a way that
other people can understand




Ask, Get and Explore

Hands-on example

UCI Machine Learning Repository
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Back to our Iris dataset (UCI)

Linear Support Vector Machines
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Back to our Iris dataset (UCI)

Other common classifiers

Logistic regression Deeper decision tree
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Choosing the right model

scikit-learn
algorithm cheat-sheet
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QUESTIONS?
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