Machine Learning

“a set of methods that can
automatically detect patterns in
data, and then use the uncovered
patterns to predict future data,
or perform other kinds of -
decision making” — Murphy 2012 Machin® Poarning

A Probahilistic Perspective
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Classification

(one of the simplest types of prediction problems)

Goal: Learn to classify examples
E.g.,

* Images (face recognition)

* Emails (spam filtering)
* Biological samples (tumor classification) ,




Heartbeat Classification

Motivation:

* The analysis of long-term ECG recordin%s can help
physicians understand a patient’s health.

* Labeling heartbeats can be an important step in this task;
provides a level of abstraction.

e >100 000 beats in just 24 hours, so needs to be
automated.

ECG Recording
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Example: Heartbeat Classification
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Example: Heartbeat Classification

Labeled Feature Vector Representation

d-dimensional feature vector
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Example: Heartbeat Classification

Labeled Feature Vector Representation

d-dimensional feature vector

VJL/\ / /\ binary label

> {xV, -1}

Possible information to
encode as features:

-amplitude
-timing info/context

=(2
> {X( )7 +1} -frequency information



Example: Heartbeat Classification

Labeled Feature Vector Representation
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Example: Heartbeat Classification

Labeled Feature Vector Representation
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Learning goal: identify the decision
boundary that separates the
positive from negative examples.



Supervised Learning
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Goal: learn a mapping from X’ — )/ that generalizes
to yet unseen data.
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Linear ClassiAiGhon
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