Machine learning with R
k-Nearest Neighbor KNN
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CATS DOGS

Sharp Claws, uses to climb Dull Claws
Smaller length of ears Bigger length of ears
Meows and purrs Barks

Doesn’t love to play around Loves to run around
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Calculations - --------=--==========« .

Point P1 =(1,4)

Point P2 = (5,1)

Euclidian distance \/ (5-1)2+ (4-1)2 =5
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Consider a dataset having two variables: height (cm) & weight (kg) and each
point is classified as Normal or Underweight

Weight(x2) | Height(y2) |  Class
51 167 | Underweight |
62 182 Normal
69 176 Normal
64 173 Normal
65 172 Normal
56 174 | Underweight |
58 169 Normal
57 173 Normal
55 170 Normal
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57 kg

170 cm ?
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® Unknown data point

dist(d1)= ¥(170-167)* + (57-51)* ~= 6.7

dist(d2)= ¥(170-182)* + (57-62)* -= 13

dist(d3)= V(170-176)* + (57-69)* ~= 13.4

Similarly, we will calculate Euclidean distance of unknown data
point from all the points in the dataset



Where (x1, y1) = (57,170) whose
class we have to classify

Weight(x2) | Height(y2) Class Euclidean Distance

51 167 | Underweight 6.7
62 182 Normal 13
69 176 Normal 134
64 173 Normal 1.6
65 172 Normal 8.2
56 174 | Underweight 4.1
58 169 Normal 14
57 173 Normal 3

55 170 Normal 2
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Weight(x2) | Height(y2) Class Euclidean Distance
51 167 Underweight 6.7
62 182 Normal 13
69 176 Normal 13.4
64 173 Normal 7.6
65 172 Normal 8.2
56 174 Underweight 4.1 " T
58 169 Normal 1.4
57 173 Normal 3 7
55 170 Normal 2

57 kg 170 cm ?
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kNN classification syntax

using the knn () function in the c1ass package

Building the classifier and making predictions:
p <- knn(train, test, class, k)

* train is adataframe containing numeric training data

* test is adataframe containing numeric test data

* class is afactor vector with the class for each row in the training data
* Kk is an integer indicating the number of nearest neighbors

The function returns a factor vector of predicted classes for each row in the test data
frame.

wbcd_pred <- knn(train = wbcd_train, test = wbcd_test,
cl = wbcd_train_labels, k = 3)




Thank you
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