7.1 Suppose you expect the Bayes boundary to be highly irregular. What kind of

values for k will accommodate highly irregular Bayes boundaries? Why?
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7.2 Which of the following statements are true?

(a) kNN with the Euclidean distance treats all variables as equally important.
(b) kNN works best when all variables are on the same scale.

(c) If kis too large, kNN is very sensitive to noise.

(d) kNN deteriorates when there are too many noise variables.
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Fig. 7.7 Three kNN fits for different values for k
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Fig. 7.8 Three kNN fits for different values for k

7.3 Figure 7.7 shows three different kNN fits using different values for k. Order the
three graphs in ascending order of k.

7.4 Figure 7.8 shows the boundary for 3 kNN fit for k = 7, 8, 9. The boundaries are
computed from predictions on a 40 by 40 grid. Why does the boundary look messy
(showing the underlying grid) for the graph in the middle?

7.5 A small data set has 18 observations and 3 classes (y = 1,2,3) and 2 x-
variables (x1, x2). The 18 observations were divided into 15 observations in the
training data (blue circles) and three test data observations (red triangles). The
data are plotted in Fig.7.9. Each point is labeled with its class (y = 1,2,3).
The coordinates of all points are integers. The Manhattan distance between two

2
vectors (or points) x1 and x2 is defined as Y |xj; — x2;| over the dimensions of the

vectors. This is also known as the L1 llOl'I‘:l. ll'he three test observations are labeled
as follows: test obs 1: x = (0, 2), test obs 2: x = (5,4), and test obs 3: x = (8, 6).
Tie breaking rule: whenever there is a tie, break the tie by increasing k until there is
a clear winner.

(a) Using kNN with k = 1, classify the three test observations. Each time list the
coordinates of the corresponding nearest neighbor. If there is a tie, give the
coordinates of the point that breaks the tie. What is the classification accuracy?
Using kNN with £k = 3, classify the three test observations. Each time give
the vote across the three classes. For example, 2:1:0 means among the three
neighbors y = 1 occurred twice, y = 2 once, and y = 3 did not occur.

(c) The previous two parts were about classification on the test data. This part is
about classification on the training data. For kNN with k = 1, how is the point
with coordinates (4,6) classified?

(d) This part if about LOO cross-validation. For kNN with k = 1, how is the point
with coordinates (4,6) classified using LOO cross-validation?

(b)

2
Maphat+an  Distance : .2.:1 IXg; = X\~ 3=~

@ (Whea =1

2
X, (6.4)= 2

clogsificrtion  oCCucney =

Cecouse there ac ties

2
¥z (86)=2

2
2

Lo«mea- - Nyhes

L= a~> c (xmoothest D

n

ireyloe Boyes bom@on( Meoa Tt tue dotor is  Comprex and |licely Aunlicer,

clasr ficortion  whea k=8

10
|

o1 o1

7

6

o1 o1 @1 e3

x2
4 5

3

o1

A1 @3

o1

A3

2

®2

—

C 6,%) (&)

=

A2

e3

rAR

L

Xe ) £ 1y, ~Yal |

K Co2) = Te, (0.€) Legks the e (nto class 1

o 6%

5,8, (3.0
= 2+p= 2



© When k=2, x, (02) = | XpC5.a)= 2. X3 (3.6):2

© WSing ~the  full dotn set, the nemcst nejfor of  (4.6) is Thsedk  elase 3
T s clgssifed as 1

@ (oo. k=21 This yepmoves e @p) paint i&sef. Thea




