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Applications of k-NN
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* k-NN is versatile and applicable in many real-world scenarios.

+ Advantages: + Disadvantages:

- Simple to implement - High memory requirement

- Effective in various cases - Sensitive to scale of features
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Steps of the k-NN Algorithm

* 1. Choose the value of k.

» 2. Calculate the distance between the new data
point and all other points.

+ 3. Find the k nearest points.

» 4. Classify based on the majority of nearest
neighbors.
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Distance Metrics in k-NN
Euclidean Distance (most common)
Manhattan Distance

Chebyshev
Minkowski
Cosine Similarity

Euclidean Manhattan Chebyshev Minkowski Cosine

p=1
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o= cos(6)
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Implementing k-NN in Python

Example code using scikit-learn:

* from sklearn.neighbors import KNeighborsClassifier
» knn = KNeighborsClassifier(n_neighbors=3)

# Train k-NN model

knn.fit(X_train, y_train)
y_pred = knn.predict(X_test)
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Decision Boundaries for k = 5

Decision Boundaries for k = 7
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k-NN Accuracy and F1 Score for Different k Values
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True Positive Rate

1.0+

0.8 1

0.6 1

0.4 1

0.2 4

0.0 1

K-NN' g, 0 i aid 4 ge

ROC Curves for Multiclass k-NN

—— Class 0 (AUC = 0.96)
—— Class 1 (AUC = 0.83)
—— Class 2 (AUC = 0.88)
—=- Random Guess
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