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K-Nearest Neighbor - Classification
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K-Nearest Neighbor - Classification
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K-Nearest Neighbor - Regression
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WHAT WE’VE ALREADY SEEN: LINEAR REGRESSION
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WHAT WE’VE ALREADY SEEN: LINEAR REGRESSION

What if a curve
would be a better fit?
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ONE VARIANT: POLYNOMIAL REGRESSION

Choosing the right model
for your data is important!
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REMEMBER: LOGISTIC REGRESSION
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SUPPORT VECTOR MACHINES (SVMs)
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SUPPORT VECTOR MACHINES (SVMs)
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The Kernel Trick




Simple Kernel Trick Example




Simple Kernel Trick Example
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Random Forest

Unlike bagging, in
- Random Forest different
input features are
selected for each
classifier rather than
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Random Forest
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Scenario 1

Data: Levels of 20 different blood transcriptomic markers (TLR7, PSME1
etc.) proposed to be associated with Major Depressive Disorder (MDD)
from persons with and without MDD.

For each person it is known whether that person had MDD at the time of
blood test.

Objective: Build a blood-based diagnostic test for Major Depressive
Disorder

Discuss: How will you solve this using Machine Learning?
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ORIGINAL ARTICLE
Pa pe I 1 A support vector machine model provides an accurate
transcript-level-based diagnostic for major depressive disorder
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Logistic Regression: Classification accuracy of 92.2% with 14 transcript variables. Sensitivity and specificity of 93.8% and 90.6%, respectively.
Linear SVM: Classification accuracy of 90.6% with 10 transcript variables. Sensitivity and specificity of 90.6% and 90.6%, respectively
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Scenario 2

Data: Several physiological variables and blood-test parameters
measured at time-points (assume every 30 mins) from hospitalized
patients; MAP, heart rate, age, C-reactive protein, S-glucose, SpO:

For each time-point it is known whether the patient has circulatory failure
at that time-point.

Objective: Predict whether patient will go into circulatory failure within
next 8 hours.

Discuss: How will you solve this using Machine Learning?

Part 6: Applications
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Paper 2

Early prediction of circulatory failure in the
intensive care unit using machine learning
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f Supervised learning
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Gradient Boosted Decision Trees: predicts 90% of circulatory-failure events in the test set, with 82% identified more than 2h in advance, resulting in an area

under the receiver operating characteristic curve of 0.94 and an area under the precision-recall curve of 0.63
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When to use what model

1. Categorize the problem you are trying to solve

- Supervised, Unsupervised, Reinforcement

2. Figure out the subgroup

- i.e. for supervised, recognize if it is classification or regression

3. Understand the type of data you are dealing with
- Size
- Type
- Structure
4. Other considerations
- Speed
- Computational resources

Part 6: Applications



Comparison of Approaches for Classification

Input data Nearest Neighbors Linear SVM RBF SVM Gaussian Process Decision Tree Random Forest Neural Net
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source: https://scikit-learn.org
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Summary

Today we covered

- K-nearest neighbor

- Regression

- Support Vector Machines (SVMs)
- Tree-based algorithms

- Applications

Coming up: Fundamentals of deep learning and neural networks



