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Lecture Objectives

- To introduce
- What is clustering?
- What is K-means clustering?
- How does K-means clustering works?
- Application of K-means clustering
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Clustering

Clustering groups similar data together into clusters.

Clustering is the classification of objects into different
groups according to some defined distance measure

Inter-cluster
Intra-cluster distances are
distances are maximized
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http://en.wikipedia.org/wiki/Statistical_classification
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Types of Clustering

- Hierarchical clustering
= Agglomerative (bottom-up)
algorithm
= Divisive (top-down) algorithm

- Partitional clustering
= K-means clustering
= Fuzzy c-means clustering
s QT clustering algorithm
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K-means Clustering

Partitional clustering approach

The k-means algorithm is an algorithm to cluster n objects or
to group the objects based on attributes into k partitions,
where k < n.

Each cluster is associated with a centroid (center point)
Each point is assigned to the cluster with the closest centroid
Number of clusters, k, must be specified

The grouping or clustering is done by minimizing the sum of
squares of distances between the object and the corresponding
cluster centroid.
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Distance Measures

Distance measure will determine how the similarity of
fwo elements is calculated and it will influence the
shape of the clusters

Euclidean Distance
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Centroid

The centroid (mean) of the cluster is defined as
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How K-means Clustering algorithm works?

’

Mumber of
cluster K

Centroid
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Distance objects to
centroids
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Grouping based on
minimum distance
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K-means Clustering

1. Select K = 2 random points as cluster centers called
centroids 4

v

2. Assign each data point to the closest cluster by calculating its
distance

v
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K-means Clustering

Determine the new cluster center by computing the average of
the assigned points
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Repeat steps 2 and 3 until none of the cluster assignments
change
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Think

Example: K-means Clustering

« We have 4 types of medicines and each has two attributes (pH and
weight index)
Our goal is to group these objects into K=2 group of medicine

Medicine | Weight | pH-Index ‘Lg
A 1 1 R D S N
o :
B 2 1 =2 3 P g ----------
< L P e
C 4 3 N T
[ 1] 4 1 =
D 5 4 E 15 F====- iy SN S S
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05 -------------1' ------------------------
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) 2 i G
attribute 1 (X): weight index
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Example: K-means Clustering

- Step 1: Use initial seed points for partitioning

attribute 2 (Y): pH

= - by by oy
o M = M Rt W & h
L L

iteration 0

"""""""""""""""""""

................................................

..............

_______________________________________________

c;=A,c,=B

d(D,c;) =(5-1)2 +(4-1)? =5

d(D,c,)=+/(5-2) +(4-1)* =4.24

attribute 1 (X): weight index

Euclidean distance

Assign each object to the cluster
with the nearest seed point
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Example: K-means Clustering

Step 2: Compute new centroids of the current partition

iteration 1 Knowing the members of each
cluster, now we compute the new
45 , , , , , centroid of each group based on
s _____ ‘ _____ these new memberships.
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attribute 1 (X): weight index
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Example: K-means Clustering

- Step 2: Renew membership based on new centroids

iteration 1
43 : : : : :
s e
T : : : :
0-35 """"" :F" "‘T"""':F"""'IP """""""""
22 3 Jenvenachaadlecforinccafocrcs il nccnefnacnene
> N *’
-.25 """" r-=—-jm -- T=="=="==" r==-= “r=-====-= T=======
o : : :
P TIGGRIOE SCRISCUPEUDE SECRELERPRRREE SRSERRS
S : :
._E 15' """" :' """ 'Ir """" :r """" Fr======°< T====°=°=°
R e
LY PSRRI Y R PN TR SRR S
0 :
0 1 2 3 4 5 B
attribute 1 (X): weight index

Compute the distance of all objects to the
new centroids

Assign the membership to objects
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Example: K-means Clustering

Step 3: Repeat the first two steps until its convergence

iteration 2 Knowing the members of each
cluster, now we compute the new
centroid of each group based on
these new memberships.

xI

O

=

z C1=(1+2/ 1+1j:(1l, 0
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attribute 1 (X): weight index
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Example: K-means Clustering

- Step 3: Repeat the first two steps until its convergence

attribute 2 (Y): pH

iteration 2

attribute 1 (X): weight index

Compute the distance of all objects to the
new centroids

Stop due to no new assignment
Membership in each cluster no

longer change
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Step 4: The clusters obtained are

Object Feature1(X): Feature2 @ Group
weight index (Y):pH  (result)
Medicine A 1 1 1
Medicine B 2 1 1
Medicine C 4 3 2
Medicine D 5 4 2 —
iteration 2
45
4
L 351
= 34
t’ 25 4
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attribute 1 (X): weight index
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Example: Implementation of k-means algorithm

Individual Variable 1 Variable 2
1 1.0 1.0
2 1.5 2.0
3 3.0 4.0
4 5.0 7.0
5 3.5 5.0
6 1.5 5.0
4 3.5 4.5




Initialization: Randomly we choose following two centroids
(k=2) for two clusters.
In this case the 2 centroid are: m1=(1.0,1.0) and m2=(5.0,7.0).

Individual YWariable 1

Variahle 2

L 1.0 1.0

3 1.5 =0

3 3.0 4.0

] 5.0 7.0

5 3.5 5.0

6 4.5 5.0

7 3.5 4.5

Individual Mean Vector

Group 1 1 (1.0, 1.0)
Group 2 4 (5.0, 7.0)
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Step 2: ndiidusl | Cenfrokd 1 -guntr-:-a z
Thus, we obtain two clusters 1 : r
containing: 2015 200 | 112 EA0
{1,2,3} and {4,5,6,7}. : 161 181
Their new centroids are: 4 7 74 c

f;'r-_=q%[l.i]—1.:'-—3.D].%{1.D+J.EI+-1.D])=[1.33.2.3-3} : 472 25
“1"EI3' 43 "'“1?“ 04+ 3.0+4.5)] : £l =
my=(3(30+3.5+ .:1—3...;.1[ 0+3.0+5.0+43)) : e .

(412538 ) — :
dim D= 1.0-15F 41.0-20F =1.12

d(m, 2= J|5.0-157 47.0-20F =6.10
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Step 3:
Now using these centroids

we compute the Euclidean

Individual | Centroid 1 | Centroid 2

distance of each object, as 1 157 .38
shown in table. ; 147 e
Therefore, the new &) 2 178
clusters are: - R .54
{1,2} and {3,4,5,6,7} : 118 073
Next centroids are: - : EE 0.
mi1=(1.25,1.5) and i 274 .08

m2 = (3.9,5.1)
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Step 4.: | ndividual | Centroid 1 | Centroid 2
The clusters obtained are: —
{1,2} and {3,4,5,6,7} | 0.3 2

2 0. 56 3.8
Therefo.re, there is no ] 1[F {47
change in the cluster.
Thus, the algorithm comes 4 0.56 240
to a halt here and final : 418 041
result consist of 2 clusters

.

{1,2} and {3,4,5,6,7}. : ik el

i 3./ 0.7z
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Example: Implementation of k-means algorithm

(k=3)
ndividual {my=1{m,=2|m;=13| cluster
0 | 111 ] 38

i 210 | 25 2
3 £3i1 I A B | ]
i e O T O
5 P I P
6 534 | tRD | 2
7 40 |3 (o 3

chustening with inftial czniroids (1, 2,3)

Step 1

[

inividual | | ™ | cluster
(1.0, 1.00 (1.5, 200 i38.5.1)
1 0 1.1 B2 1
., 112 0 38 2
3 381 25 142 3
- 721 8.10 220 3
i 472 361 0.41 3
i b4 4.4 0.81 3
7 430 1.0 0.7 3
Step 2
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Practical: Python Coding Environment

Classification data using the k-means algorithm

import numpy as np

import pandas as pd

from matplotlib import pyplot as plt

from sklearn.datasets.samples_generator import make_blobs
from sklearn.cluster import KMeans

X, y = make_blobs(n_samples=309, centers=4, cluster_std=0.60, random_state=08)
plt.scatter(X[:,0], X[:,1])

<matplotlib.collections.PathCollection at ©x214766cdc88>
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Practical: Python Coding Environment

wess = []

for i in range(1, 11):
kmeans = KMeans(n_clusters=i, init='k-means++', max_iter=3@@, n_init=18, random_state=8)
kmeans.fit(X)
wcss.append(kmeans.inertia_)

plt.plot(range(1l, 11), wcss)

plt.title('Elbow Method')

plt.xlabel('Number of clusters')

plt.ylabel('WCSS")

plt.show()

Elbow Method
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Practical: Python Coding Environment

kmeans = KMeans(n_clusters=4, init='k-means++', max_iter=360, n_init=10, random_state=0)
pred_y = kmeans.fit_predict(X)
plt.scatter(X[:,0], X[:,1])

plt.scatter(kmeans.cluster_centers_[:, @], kmeans.cluster_centers_[:, 1], s=380, c='red")
plt.show()
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Applications of K-means clustering

Image Segmentation

Clustering Gene Segmentation Data
News Articles Clustering

Clustering Languages

Species Clustering

Anomaly Detection
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Next Week Lecture

Dimensionality Reduction: Principal Component
Analysis (PCA)

Thank You



