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Admin

ab 6 graded
Presentation schedule up

ab today

— Final project check-ins with all groups
— Try to come to the same lab as your partner

Candidate talk at 4:15pm TODAY

— Tea at 4pm
— Student lunch Wednesday 12:30-1:30pm



Outline for November 28

* Clustering overview

e K-means

e Gaussian Mixture Models (GMMs)



Outline for November 28

* Clustering overview



Applications of clustering

* Cluster genes with similar
expression patterns

Cluster analysis and display of genome-wide expression patterns
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Michael B. Eisen,* Paul T. Spellman,* Patrick O. Brown,Jr and David Botstein T




Applications of clustering

* I[mage segmentation: cluster similar
regions of an image

Image: Jessica Wu



Applications of clustering

* Clusteringin
social graphs

Image: https://griffsgraphs.wordpress.com/2012/07/02/a-facebook-network/



Two main types of clustering

* Flat/Partitional:
— K-means

— Gaussian mixture models

* Hierarchical:
— Agglomerative: bottom-up
— Divisive: top-down

— Examples: UPGMA and Neighbor Joining



Hierarchical clustering example: trees

Lancelst = 2 P Bl

(outgroup) Lamprey Tuna Salamander Turtle Leopard

Amniotic egg

Four walking legs |
|

Jaws

Credit: Pearson Education, Benjamin Cummings



Are pandas more closely related to bears or raccoons?

Credit: Ameet Soni



Are pandas more closely related to bears or raccoons?
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Outline for November 28

e K-means



Discriminative vs. Generative

e Discriminative: finds a decision boundary

— Logistic regression, K-means

* Generative: estimates probability distributions

— Naive Bayes, Gaussian Mixture Models

Discriminative Generative
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Outline for November 28

e Gaussian Mixture Models (GMMs)
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spherical

diag

Example of GMMs with different covariance
constraints on the Iris flower data

Train accuracy: 88.3

Test accuracy? 92.3

Train accuracy: 93.7

Test accuracy? 89.7
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Train accuracy: 95.5

Test accuracy? 100.0

Train accuracy: 94.6

Test accuracy? 97.4
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https://scikit-learn.org/stable/auto _examples/mixture/plot gmm covariances.html#sphx-glr-auto-examples-mixture-plot-gmm-covariances-



https://scikit-learn.org/stable/auto_examples/mixture/plot_gmm_covariances.html

