Machine Learning
-KNN, Cluster Analysis-

SCH Univ.
Dept. of Al and Bigdata
Kim JinSeong

| Senseable Al Lab



YA e
Contents

1. K-Nearest Neighbor (KNN)

2. Cluster Analysis

| Senseable Al Lab 2



K-Nearest Neighbor
(KNN)



Model for Classification and Prediction

« Model-Based Learning

MAH/H|MHBH (e.g., linear regression, logistic regression)
Neural Network

Decision Tree

Support Vector Machine

madp CO|E|ZHE DS HMSL0] £F/0]

X
—

A%
ot

 |nstance-Based Learning

= K-Nearest Neighbor (KNN)
= |ocally weighted regression

mad O DT AN Q0] OIF HIO|HE EE/0S0 AR



Model for Classification and Prediction

« Model-Based Learning

MAH/H|MHBH (e.g., linear regression, logistic regression)
Neural Network

Decision Tree

Support Vector Machine

madp CO|E|ZHE DS HMSL0] £F/0]

X
—

A%
ot

 |nstance-Based Learning

= K-Nearest Neighbor (KNN)
= |ocally weighted regression

mad O DT AN Q0] OIF HIO|HE EE/0S0 AR




Model for Classification and Prediction

« Model-Based Learning

MAH/H|MHBH (e.g., linear regression, logistic regression)
Neural Network

Decision Tree

(2)
Support Vector Machine »
o Xnew B ((X)

madp CO|E|ZHE DS HMSL0] £F/0]

A%
ot

 |nstance-Based Learning

= K-Nearest Neighbor (KNN)
= |ocally weighted regression

mad O DT AN Q0] OIF HIO|HE EE/0S0 AR



Model for Classification and Prediction

« Model-Based Learning

MAH/H|MHBH (e.g., linear regression, logistic regression)
Neural Network
Decision Tree

Support Vector Machine X »
. new
mad CO|EHEZRE DS M0l EE/0|Z5 T

A

 |nstance-Based Learning

= K-Nearest Neighbor (KNN)
= |ocally weighted regression

mad) SO DT AN Q0| OIF HIO|HE B&/0S0 AR



Model for Classification and Prediction

« Model-Based Learning

MAH/H|MHBH (e.g., linear regression, logistic regression)
Neural Network
Decision Tree

Support Vector Machine X »
new

mad CO|EHEZRE DS M0l EE/0|Z5 T
 |nstance-Based Learning (1)

= K-Nearest Neighbor (KNN) e

= |ocally weighted regression new

mad) SO DT AN Q0| OIF HIO|HE B&/0S0 AR



Model for Classification and Prediction

« Model-Based Learning

MAH/H|MHBH (e.g., linear regression, logistic regression)
Neural Network
Decision Tree

Support Vector Machine X »
new

mad CO|EHEZRE DS M0l EE/0|Z5 T
 |nstance-Based Learning (1) (2)
= K-Nearest Neighbor (KNN) e Find
= Locally weighted regression new nearestXg

mad) SO DT AN Q0| OIF HIO|HE B&/0S0 AR



Model for Classification and Prediction

« Model-Based Learning

MAH/H|MHBH (e.g., linear regression, logistic regression)
Neural Network
Decision Tree

Support Vector Machine X »
new

mad CO|EHEZRE DS M0l EE/0|Z5 T
 |nstance-Based Learning (1) (2)
= K-Nearest Neighbor (KNN) e Find
= Locally weighted regression new nearestXg

mad) SO DT AN Q0| OIF HIO|HE B&/0S0 AR



Nearest Neighbor

 1-nearest neighbor
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Nearest Neighbor

 1-nearest neighbor
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Nearest Neighbor

 3-nearest neighbor
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Nearest Neighbor
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14



K-Nearest Neighbor (KNN) Algorithm
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K-Nearest Neighbor (KNN) Algorithm
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K-Nearest Neighbor (KNN) Algorithm

Distance from New
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K-Nearest Neighbor (KNN) Algorithm

Distance from New
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Property of KNN Algorithm
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Comparison of Linear Regression and KNN

Linear Boundary
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Comparison of Linear Regression and KNN

KNN (k=3) Boundary
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KNN Classification Model
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Example of KNN Classification Model
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KNN Classification Algorithm
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KNN Prediction Model

38



KNN Prediction Model

®) (@

© o O O
0 o y
o o o ©

° o

o O

° °© O
o o °

k = number of nearest neighbors

k=1:

39



KNN Prediction Model

®) (@

© o O O
0 o y
o o o ©

° o

o O

° °© O
o o °

k = number of nearest neighbors

k=1: new =15

40



KNN Prediction Model

k = number of nearest neighbors
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KNN Prediction Model
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Example of KNN Prediction Model
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Example of KNN Prediction Model
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KNN Prediction Algorithm
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Hyperparameter of KNN
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The result according to K

- k <= H|O|E{ Q| 7=
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The result according to K

. K7H 0§ RS A Ho|EQl x|

- K7 O 2 8% : GHE 72 7N E Y

|0

0O okQ

| Bt 3 (overfitting)

| 2510 LEFE [ (underfitting)

|-nearest neighbor

i

i

50-nearest neighbor
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How to select K

0

. EF 4
, K

MisclassErrory, = Ezl(ci + Cfork = 1,2,..., k*
i=1

I( ): Indicator Function

. 0% 2y

k
SSE, =Z(yi—§/i)2 for k = 1,2,... k=
i=1
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How to select K

Misclassification Error

Classification result
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How to select K

Misclassification Error

Classification result

40%
35%
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5% —e—Train error
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(underfitting) (overfitting)

k (the number of nearest neighbors)

54



Distance measurement (1-similarity)

« L[St HE2|Z=X (Distance measure) =X}
(e.g., Euclidean Distance, Correlation Distance, ...)

—_—

. OO|H L
E([o]]= s

HO|H Hel, =

_LI

H2|2 A O, Tt 2 X Ma(S)7t H2lE AR

ex) 7|(1.5m~1.8m), &F#[(90lb~300Ib), H-5(20,000,000& ~

|
—1 |_ L =
ot (B2 #&2H)E &89l 0| HF&= A0 T8
X

T

00,000,000#)
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Types of Distance measurement

» Euclidean Distance
 Manhattan Distance

* Mahalanobis Distance
« Correlation Distance

= Pearson Correlation
= Spearman Rank Correlation
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Euclidean Distance

«  H8El= XY 2 AO| Maeel Mede2M, &= B5X] Aro[2] 22| 20|



Euclidean Distance

diapy = (0 —2)2+(3 — 0)2+(2 — 0)2= V17

B
0,3,2)

e

(1,1) A
(2,0,0)

X1

dap = VE-D2+(3-1)2 = V8
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Manhattan Distance

n
dManhattan (X, Y) — 2 |Xi — Yil
i=1
y /V
Manhattan Euclidean

« XO|M Y2 Ol Al 4 ZtE= Y= 0|
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Mahalanobis Distance

dMahalanobis (X» Y) — \ (X — Y)T Z_l(x - Y)

Y1 :inverse of covariance matrix

COES L EAL B 2 BEM

fujo

BF 8HESH0 X, Y 2F AEIE AlLtsh= B4

« O|O|E 9| covariance matrix?} identity matrix® 42+ Euclidean Distance2t & &t
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Mahalanobis Distance

J(X —V)TY"1(X-Y)=c (cisMahalanobis Distance)
mPp (X -V)TEIX-Y)=c?

_ (% _ N 1 st st
Lex = (1) v= ()27 = (D 22 then
» (X —Y)%s11 71 + 2(X1-Y1)(Xz-Y2)S12 T+ (Xp—¥2)%S22 1= (= 5157 =55171)

It can be considered as the squared Mahalanobis distance between a certain point X, and the fixed point Y.
_ (0
LetY = ( 0

2 -1 -1 2 -1_ .2
» X17811 + 2X1X2512 +X2 So9 =C

which is a general equation of the ellipse

) ,then
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Mahalanobis Distance

_w-1_(1 0
¥ =3x"=(y ;)
(identity matrix)

X2

2......

X Same as Euclidean
distance

Dl

4 0
0 1

)=

(@] N

_ O
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Mahalanobis Distance

o

(identity matrix)

X Same as Euclidean
distance

Dl
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Mahalanobis Distance

—x1 Fos =1

22—+
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Mahalanobis Distance

1
_x1 i =1 §x12 +2x% —V2x.x, = 1




Mahalanobis Distance

Equation of Ellipse

1
§X12 +2%,%2 —V2x,%, = c?
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Mahalanobis Distance

Equation of Ellipse

1
§X12 +2%,%2 —V2x,%, = c?
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Mahalanobis Distance

Equation of Ellipse

1
§X12 +2%,%2 —V2x,%, = c?
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Mahalanobis Distance

<+ r ,

E : Euclidean distance
3 M: Mahalanobis distance
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Mahalanobis Distance

Euclidean : 4.3

E : Euclidean distance

M: Mahalanobis distance

©
\y—
c
I
[
1o
O
S
Ll
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Mahalanobis Distance

I T

E : Euclidean distance
M: Mahalanobis distance

Euclidean: 1.6
Mahalanobis: 3.7

A

Euclidean : 4.3
Mahalanobis: 3.4
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Correlation Distance

- O|O|E| 7t Pearson correlations 7

expression

deorr(XY)=1-r1

Where r = oyy

N

expression

samples

HO|E I{EHS| gAEE HEE = U
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Correlation Distance

deorr(XY) =1-1
Where r = oxy @

0<=d<=2

r = correlation, -1<=r<=1

N

expression
expression

« O|O|E Zt Pearson correlations HEZ|EEZ AI2st= BAloZ,
HOIH I{EHO| FAI=E BHEY = /UZ
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Spearman Rank Correlation Distance

dSpearman XY)=1-p

6 YiL, (rank(xj)—rank(y;))?
n(nz-1)

Wherep =1 -

+ PE Spearman CorrelationO|2} 5}, O|= O|O|E 2| rankE 0| &5t
correlation distanceS Al Atst= ghAlQl

- POl H2|E= -182E 12, Pearson Correlationt &
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Spearman Rank Correlation Distance

Jo | o | 12

1.6 2?:1(1'3?11;:2);;3“1((3’0)2 A ™I )L% z31 7|1
( \
A9 | & |HE | 72 | A= A|
M€ |17.06|28.43|19.07 | 3.50 N
52 116322822 (1837 | 543 ™
AEL||22.23|17.03 | 21.90 | 25.63 AE




Spearman Rank Correlation Distance

| _ 6 3Ly (rank(x) —rank(y;))?

4(4%2-1)

1 # d(Seuol,NewYork) =1-1=0

AZ Ba Y zn7|=2 A9 EAE 7|2 =4
n(n2-1 A A
( ) p \
A9 | & | W8 | 72 | A= A9 | & | & | 7l | A=
M-S |17.06 | 28.43 | 19.07 | 3.50 Mg | 3 1 2 4
w2 [16.32 (2822|1837 | 543 =2 3 1 2 4
AEU | 22.23 | 17.03 | 21.90 | 25.63 AMEL | 2 4 3 1
Spearman correlation distance between Seoul - New York
p=1 — 6{(3-3)% + (1-1)% + (2-2)? + (4—4)*} _
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Spearman Rank Correlation Distance

6 YL, (rank(xj)—rank(y;j))?

1 AZ Ba Y zn7|=2 A9 EAE 7|2 =4
n(n?-1) A A
( N\
A9 | & | W8 | 72 | A= A9 | & | & | 7l | A=
M-S |17.06 | 28.43 | 19.07 | 3.50 Mg | 3 1 2 4
w2 [16.32 (2822|1837 | 543 =2 3 1 2 4
AEU | 22.23 | 17.03 | 21.90 | 25.63 AMEL | 2 4 3 1
Spearman correlation distance between Seoul - New York
6{(3-3)% + (1-1)% + (2—2)% + (4—4)?%} _
p= 1 - 4(42-1) =1 # d(Seuol,NewYork) =1-1=0
Spearman correlation distance between Seoul - Sydney
p=1 — 6{(3-2)%2 + (1-4)% + (2-3)? + (4-1)?} _

4(42-1) 1 # d(Seuol,Sydney) =1- ('1) =2
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Advantages and Limitations of KNN
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Weighted KNN

« 3NN 0|5 2 &
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Weighted KNN

+ Weighted 3NN 0| = 2 &

O O
O

O

_(45+50+10) _
= - =

New 35

O

1 1 _
Newyeightea = (0_82 4+ 0+ 10)/(0.82 Tt T 4.22) =454

1 1 1




Example of Weighted KNN

* 3NN 27 22

O
O

New =
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Example of Weighted KNN

« Weighted 3NN &7 £ 2
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Example of Weighted KNN

« M data®t 7|& sh& BHEK| 7t HE2|E HEXIR 50 o ZntE =&

= =1 =

>
° O:”: EE‘"
k
i=1 Wl (new,x;)

k
Cnew = mcaxz w;l(w; € ¢)
=1



Summary of KNN

« KNN2 O Gh=ot Ao Z MER 24EX| 25, 0|52 += U= 2

HOHZFH 5§

=l o HEfo] B HAsHe A otLlal,
O Ef Lf %Mi P BSK| S Ore

—

= EOZ M2 Ho[H §F +=H
(e.g., average, majority voting)= &l

Weighted KNN Algorithm2 £ H|0[H 2| 7ISX|E 1a{g = A0,
O|F ol EC} d=tet 28 1= 7ts
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Clustering Analysis



What is Clustering?
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What is Clustering?
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What is Clustering?

« F5(Classification) vs & & 2t(Clustering)

.« =AY 7HO|5| HT7t A= (labeled) HIO|HZRH 0|5 225 5ot =X
(K| =&+5: Supervised Learning)

r

. 3L ALE 7HO| HT7 S =(unlabeled) HIO|EOA =X AF5 HOrL7t= =X
(H|X|=&t5&: Unsupervised Learning)

. * Between Cluster Variation
L] * Within Cluster Variation
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Example of Clustering
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Example of Clustering

I Segmentation —
C I u Ste rn g A\l/‘:r:gne]eirr]coz:,pshort customer lifetime, tenants

Customer Group A
LHigh value, high income, no dependents, homeownersJ

Customer Group C
Low value, low income, 2+ dependents
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Example of Clustering

W : Cluster 1 (&%)
®: Cluster 2 (&%)

\ ' ¥ : Cluster 3 (&5
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Example of Clustering

W : Cluster 1l (%%)
®: Cluster 2 (B%)
¥ : Cluster 3 (‘&%)
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Considerations of Clustering

Q1. HE A2 HEE A
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Clustering: Similarity Scale

Q1. ofH AHE| HE=Z AtE0H0] RALE

= Euclidean Distance

Manhattan Distance

= Mahalanobis Distance

Correlation Distance
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Clustering: Similarity Scale
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Clustering: Similarity Scale

101
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—t

74

IH
IH

J

14
K
K

v X7

Output space (SOM) in 2D space

0000000000
0000000000,
000000000
000000000

Input vectors X in the
multidimensional space
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Hierarchical Clustering

» ASH TEt
= ASN ERRYS 0|8 MY HHES X Y/AST 22 A /2 UL S

= Dendrogram= &l A3t 7ts
v Dendrogram: 7HX|=0| ZBgl= =X E LIEIL = E2|HE S 7+

. APFO| 2ROl 5
v' Dendrogram

0.2+ . ‘ I

0.15F
] . V3:-'353ji’i“s;"‘ﬁfgii‘fg-:f': ‘ ';{f;igii\-”:

0.05F
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Hierarchical Clustering

- ASH ZE= A 04

« HEEHHIF ALO[S] AZ|Of TR RAME HE AL

A 20 7 2
B 10 25
C 3
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Hierarchical Clustering

- ASH ZE= A 04

« HEEHHIF ALO[S] AZ|Of TR RAME HE AL

B C D
A 20 | 7 @
B 10 | 25

o000 -
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Hierarchical Clustering

- ASH ZaB = oA

. DE JHHIS AtO|Q| HE|0f LS QAT SHE A

o HZ|7} oI™sE 2t=X|7)|2| 22 @M

—-_ - - — 7

+ AR A E YOO

At

AD | B C

AD 20 | 3

B 10
C

00060
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Hierarchical Clustering

- ASH ZaB = oA

. RE JRHIS AtO|O] H2|of ChE SALE ST AlA

. a7t AEE BEX IR 2T EA

L—- - 1

» wALE AE YHO0IE

60600

AD B @
AD 20 @
B 10
C
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Hierarchical Clustering

MOIOI A2|Of Tt At A3 AL

S zr*x|77|a| 2E M

|_
A
H
=
-

10
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Hierarchical Clustering

. DE HHS AbO|2| H2|Of CHS QAHE B2 A 4t
. Az|7t AR BEXT 2] 2 EA o
N EEE c | B
. 9l I ure
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Hierarchical Clustering

AD
CB

AD
CB
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Hierarchical Clustering

T & APOle] A/ A £

), max(2Hd AA), group average(Bw AH4), between centroid, Ward'’s, ...

my

Min distance

@
een centroids{distance

5 di
p average di ¢
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Hierarchical Clustering

 Ward’s method: Distance between two clusters, A and B, is how much the sum of squares
will increase when they are merged

Ward Distance = > [1x; = mays]l —{Zuxi = mall? + )l - mBuZ}

IEAUB IEA LEB
my is the center of cluster

Ward’s distance can be considered as the merging cost of combining the clusters A and B

A B A B
- -
s 0L0 i 000
O m 0
m 0O g 9O

Ward’s distance = 10 — (3+2) = 5 Ward’s distance = 7 — (3+2) = 2
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K-Means Clustering

* K-Means Clustering

« HENQ 228 8=t €1eE
v Zt 282 StLEe| F 4 (centroid)E 7t
v 4 NHE 7HE 72 SH0| 2EEH, 22 S
B0 5tLte] 2 EE ¥ Y
v A0 ZEe| 5= K7F HsMoF HaE|ES 2

X= 61UCZ Ck,Clﬂcjz @)

K
2
argmax ) > ||
c

=1 ijCi

of &gzl 7iM=0|

= O —

I+ ]
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Example of K-Means Clustering

« Example (K=2)

0 0 0
. i 0 ® O °
v ° e o_0 o
’ O..;...
0 ° e O " .
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Example of K-Means Clustering

« Example (K=2)
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Example of K-Means Clustering

« Example (K=2)
1. 2709 S48 o|Z2 MM
2. HHE=E SME 7|FCE BE AEK T

3. 4 =l o= Bl Al
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Example of K-Means Clustering

« Example (K=2)
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Procedure of K-Means Clustering

« K-Means Clustering

70
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CEAL ALk
X &= M7HX] 2,32] 1t
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7F =7 o 280 mer CHEA

116




K-Means Clustering

- X7 T 280| 2[F 200 ofH ¥ O[X|=71?
> HiEHE{eh Za}
S Ite.ratio? 1 ; lteratlon 2 i Ite’ratio:\ 3

25 . ’:t_ oL 25 * "lv o ¢ 25 ‘E e

. "
i V.‘%‘ 2 ‘g)’::. . 2 RS
Q‘ 0’..‘ "0 ’

15 15 e

0 0—F.
| | + , +

-an ) .. - N
2 15 4 95 0 05 1 15 2 2 15 -1 05 0 05 1 15 2 2 15 1 05 0 05 1 15 2
X X X
Iteration 4 Iteration 5 Iteration 6
3 L * 3 * k3 3 * *
o @ @
@ 4 @ ¢ * ¢
25 *4% .Q‘ ‘. 25 4% ’0* L ] 25 4% ’00 ‘.
s ‘0 ¢4 ‘& ‘0 4 *
* o 2 . *e 3 . *%
? . OV.‘"‘ ¢ v % “05‘ LA A 0,5‘
600 ) 360> ) 60> )
15 ete ey A 15 ste ety > 15 ste ety P
> : Sh R > R * > TR R
1 1 “ 1 B
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05 + 05 05
+ =] El -
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K-Means Clustering
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K-Means Clustering
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K-Means Clustering

+ K-Means Clustering2| 2|

» ZMEI: ME CE 37|19 &= HOrUX| =t
Zct
3t
2t
1” a N
-0 i &
>‘Oi__] (®] DG
@DD e -
Ak oo . O 9
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K-Means Clustering

+ K-Means Clustering2| 2|

 =MEI:ME2 BE 37|19 28-S HOtLHA| X2

3 - z

2F ) O

It o 1 008 v _

ke & l = + o
>~0:J DDDG >0t s Q e Ve
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K-Means Clustering

+ K-Means Clustering2| 2|

» Z2XE O M2 CIE Yo XS AHOtLYX| 28t
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K-Means Clustering

+ K-Means Clustering2| 2|

. SHE I:ME CHE Yo RS KOHYX| R
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K-Means Clustering

+ K-Means Clustering2| 2|

=AM m: XFH EHo| EMSts T Es EHESH| Ods

15F

10F

-15 10 15
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K-Means Clustering

+ K-Means Clustering2| 2|

» ZAE I X9H D HO| EXot= &= HESH| oS

151 15}
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ing

K-Means Cluster

X Geodesic Distance

=M

o

« K-Means Clustering

40
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Clustering: Determination the optional number of cluster

. OfEA HXo| 2T 2 BH?
S
;

=
= ex) 20702 X7 EXHE M, Z
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Clustering: Determination the optional number of cluster

. OfEA HXo| 2T 2 BH?
S
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Clustering: Determination the optional number of cluster

. OfEA HXo| 2T 2 BH?
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Clustering: Determination the optional number of cluster

o)
~NJ

. O{®H AN 2 42 Z

. CHYE 27 20| Cfol M5 ot XIES SA2fet0f Kol 2T & M
_I

* Elbow pointO| Al [N & 7 28E= 8771 2

: ————— p = Cluster
k V| number
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Clustering: measure and evaluate the result

- O 8=t 20tE /87" A

- =& EU2|ENE B JE0 HE tstt Bt A&7 21

. UiE WX E
v" Dunn Index, Silhouette, Sum of Squared Error, ...
« QE TWIL X|H

v" Rand index, Jaccard Coefficient, Folks and Mallows Index, ...
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Clustering: measure and evaluate the result

=&t W7} X|H I:Sum of Squared Error (SSE)

K
SSE = Z Z dist(x, c;)?

i=1 x€c;

800

700

600

500

400

Number of clusters

O
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Clustering: measure and evaluate the result

=&t W7} X|H I:Sum of Squared Error (SSE)

K
SSE = Z Z dist(x, c;)?

i=1 x€c;

800

700

600

500

400

Number of clusters

But, @& 7o AHEl= 1&g X

oo

L =allC,) 133



Clustering: measure and evaluate the result

. X3} I X|HE O: Silhouette EH 2
> a(i) 25X i28H €2 8 U9 U

> b(): 25X iZ8H CHE &8 WO A

> YWE o= §o| 7t 05HCt A0 P Z

> 100 FH9 B 2HO| MY EX ¥

(k=]

b(i) — a(i)
max{a(i), b(i)}

~1<s(i) <1

s(i) =

= 2= LHE JhKl=E AfOle] B AZ|

= M= AO|e] Ba AZ| & =

A H

207t EfEotttl = 5 US

e X9 =

cohesion L)

\\“. . ‘»_/) '\0_; J"
a(x): average distance
in the cluster

separation

b(x): average distances to
others clusters, find minimal
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ustering: measure and evaluate the result

b(i) — a(i)
max{a(i), b(i)}

s(i) =

is for g on sample data with n_clusters = 3

ysis for KMeans g on sample data with n_clusters = 2

The silhoustte plot for the various clusters. The visualization of the clustered data. The sihouette piot for the vanous clusters The visualization of the clustered data.
. y— - - T

23
1
oo
.

FYY RO 3 .
-73 :
G X .

00

Chuster ladel

Chuster labet

Feature space for the 204 feature
-
Foatuee space for the Ind feature

o
-15 ®
-100
. o1 oo o3 o4 ) on 0 a7 o vy '. 3 3
<1 a0 o Y as s 10 = o S = P 2 3
v 5 :
The sihouette Coetficient vahses Teature space for the 15t feature The sihouette Coethoent valves ‘eature space for the 15t foatire
— —
-_—
@ .
1! -
for g on sample data with n_clusters = 4 sith for on sample data with n_clusters = 5
The silhoustte plot for the various clusters. The visuakzation of the clustered data, The sithoustte plot for the various clusters. = The visuaization of the clustered data.
: s
H
30 0
5 25 .

oo

Cunter labed
Feature wpace for the Ind feature

»
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Chnter labed

Foature space for the Ind feature

o
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13 -13
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