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K-means clustering: inertia

A performance metric, called inertia

——

in@{rtia = the mean squared distance

between each instance and its closest centroid
AN AN

Elbow rule: any lower value would be dramatic, while any higher
value would not help_much.
s /A
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Figure 9-8. Selecting the number ofc}Xsters k using the ‘elbow rule”
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K-means clustering: silhouette score

A more precise approach (but also more computationally expensive)

is to use the silhouette score, which is thesilhouette 7k @E’iw/k
coefficient over all the instances. [, ] A5

—_—

- An instance's silhouette coefficient is equal to (b — a)/ max(a, b)
- where a is the mean distance to the other instances in the same
cluster (i.e, the mean intra-cluster distance)

. and@s the mean nearest-cluster distance (i.e,, the mean
distance to the instances of the next closest cluster, defined as
the one that minimizes b, excluding the instance’s own cluster).
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K-means clustering: silhouette score

The silhouette coefficient can vary between -1 and +1.
- A coefficient close to +1 means that the instance is well inside its
own cluster and far from other clusters,

- while a coefficient close to 0 means that it is close to a cluster
boundary,

- and finally a coefficient close to -1 means that the instance may
have been assigned to the wrong cluster.
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K-means clustering: silhouette score

4

Figure 9-9. Selecting the number of clusters k using the silhouette score
coefficient. This is called a silhouette diagram (see Figure 9-10):
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Figure 9-10. Silouhette analysis: comparing the silhouette diagrams for various values of

k
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Polynomial regression
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Overfitting and underfitting

X & overfitting
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Overfitting and underfitting

High degree polynomial models fit data better

degree: 2 degree: 4 degree: 7
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Overfitting and underfitting

Under-fitting Optimal-fitting Over-fitting

Regression

Classification

Error Error Error

Validation Validation

Deep learning Training Vahdation

Training

Training

Epochs Epochs Epochs 8 /11



Regularization

T3} regularization

- H|Z2 &0 EE=0| CHEE penaltyE 7+

- = 50|l CHEH H| 2 2 optimizing costof| HHY
Ridge regression

J(0) = SSE(6) + |6]” (1)

LASSO

J(0) = SSE(0) +a Y _|6)] )
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Ridge regression

Ridge regression
J(0) = SSE(0) + %HBHQ 5

- Hyperparameter o 2 F &= 7t2| JUiHQ H|S S =&
6

- Closed form solution § = (X'X + oI,) !XTy
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Fioure 4-17. Ridee Regression
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J(6) = SSE(0) +a Y _[6)] (4)

- Least Absolute Shrinkage and Selection Operator Regression
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Figure 4-18. Lasso Regression
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