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Unsupervised learning: The data have no target attribute.
We want to explore the data to find some intrinsic structures in them.
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Clustering: one of the most utilized data mining techniques

A clustering algorithm
o Partitional clustering
o Hierarchical clustering

A distance (similarity, or dissimilarity) function

Clustering quality
o Inter-clusters distance = maximized
o Intra-clusters distance = minimized

Soft Computing
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K-means clustering

K-means is a partitional clustering algorithm
Set of data points D

D:{xl,xz,...,xn} X, :(xl.l,xl.z,...,xl.r)

1

n the number of data

r the number of attributes (dimensions) in the data.

The k-means partitions the data into k clusters.

o Center of each cluster, called centroid.

0 k is specified by the user (k <n)
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K-means clustering

the k-means algorithm: Number of
1) Randomly choose k data points SR
(seeds) to be the initial )
centroids, cluster centers Controld
2) Assign each data point to the ¥

closest centroid Distance objects to
3) Re-compute the centroids using astolsied

the current cluster ¥
e current cluste o —
memberships. minimum distance

4) If a convergence criterion is not
met, go to 2).

Soft Computing

[m]
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Stopping/convergence criterion

Minimum or no re-assignments of data points to different
clusters,

minimum or no change of centroids

minimum decrease in the sum of squared error (SSE),

k noof xeC;

SSE=SS dist(x,m,)’

j=1 =l

m; is the centroid of cluster C;
dist(x, m;) is the distance between data point x and centroid m;.

Soft Computing

Dr. Hasan Ghasemzadeh

2/21/2025



K.N. Toosi University of Technology

Jle

import nump¥
import mat otllb p¥plot as plt
from sklearn datasets import

from sklearn preproce551ng import StandardScaler

# Generate synthetic 2D data
np random

# Standardize the data

N StandardScaler

#1¥10t the initial data distribution

Blt . .C='gray k!
plt Inltlal Data Distribution

plt 'Feature 1'

plt 'Feature 2'

plt True

plt

12 clustering k means.py
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def
# Randomly initialize centroids
np.random
np.random

for in range
# Assign clusters based on closest centroid
np.linalg np

np
# Plot current state
plt
for in range
plt
plt
# Add centroid coordinates as text
plt f({
{ 1.2F)) "

plt f'Iteration { '
plt 'Feature 1°'
plt 'Feature 2°'
plt
plt True
plt
# Update centroids

np
# Check for convergence
if np

break

‘red’ ‘center’

# Perform K-means clustering and visualize iterations

False

'black’
1.2F%),

‘center’

for in range

f'Cluster {
X

X
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K-means clustering
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K-means clustering

Iteration 2
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import pandas as pd
from sklearn.feature_extraction.text import TfidfVectorizer

from sklearn.cluster import KMeans
import matplotlib.pyplot as plt

# Load the uploaded file
"family words.csv"

pd

# Extract the words from the file (correcting the column

name)
'"Words_Family'

12 Hierarchical Clustering.py
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# Vectorize the words using TF-IDF

# Apply K-means clustering
# You can adjust the number of clusters

# Assign clusters to words

# Visualize the clustering results

# Save the clustered data for further use

Run, Runaway, Running, Outrun, Reran, Runner, Runs, Rerun, Underrun, Overrun

Soft Computing
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Clustered Words with Numbers and Colors
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Activation, React, Enact, Activate, Actress, Reaction, Activity, Actor, Active, Act, Action
Cluster 2:
-0.75 Playwright, Overplay, Playtime, Underplay, Playing, Play, Playful, Replay, Plays, Player
Cluster 3:
~1.00 Speak, Spoken, Speaker, Spoke, Misspeak, Speech, Unspeakable, Outspoken, Speaking, Speaks
-0.8 Cluster 4: 0.6
Write, Written, Writing, Writer, Overwrite, Writings, Rewrite, Rewritten, Underwrite
Cluster 5: 18
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K-means clustering — Disk version
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We need to limit the number of iterations (< 50 normally).
There are other scale-up algorithms, e.g., BIRCH
(Balanced lterative Reducing and Clustering using Hierarchies)
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Twe Rings Dataset
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Hierarchical Clustering
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a partition P, into 1 clusters (the entire collection)

* a partition P, into 2 clusters

» a partition P, into n clusters (each object forms its own cluster)
It is then up to the user to decide which of the partitions reflects actual sub-populations in the data.
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Hierarchical Clustering
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Hierarchical Clustering
5 ad gundd = Sled g

Agglomerative methods: a5 (s Sy
« Start with partition P, where each object forms its own cluster.
» Merge the two closest clusters, obtaining P, ,.
* Repeat merge until only one cluster is left.
Divisive methods: (ol 4V S oo )
« Start with P,.
« Split the collection into two clusters that are as homogenous (and as

different from each other) as possible.
* Apply splitting procedure recursively to the clusters.
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ForxinP,yinQ

dZ(PaQ) =ave d(Xa}I)

d;(P,Q) = max d(x,y)  (complete linkage )

1. d;(P,Q)=min d(x,y) ( single linkage )
2. d,(P,Q) =ave d(x,y) (‘average linkage )
3. d3(P,Q) = max d(x,y) ( complete linkage )
4. d,(P,0Q) =|x, —)?QH ( centroid method )
Plol i
5. ds(P,Q)=2m XP—XQH ( Ward’s method )
ds is called Ward’s distance. '
Soft Computing 25
d,(P,Q) = min d(x,y) (single linkage )

(average linkage )
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Ward dools — baad o pu Aol s
Let P,=P,,..., P, be a partition of the observations into k groups.

* Measure goodness of a partition by the sum of squared distances of
observations from their cluster means:

RSS(P,) = Z >

i=1 jeP;

X, —Xp

* Consider all possible (k-1)-partitions obtainable from P, by a merge

* Merging two clusters with smallest Ward’s distance optimizes
goodness of new partition.

Soft Computing 27

There are divisive versions of single linkage, average linkage, and
Ward’s method.
Divisive version of single linkage:

» Compute minimal spanning tree (graph connecting all the objects
with smallest total edge length.

* Break longest edge to obtain 2 subtrees, and a corresponding
partition of the objects.

* Apply process recursively to the subtrees.

Agglomerative and divisive versions of single linkage give identical
results (more later).

Soft Computing 28
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Divisive version of Ward’s method.

Given cluster R.

Need to find split of R into 2 groups P,Q to minimize

2

RSS(P.0) =2 |x, -5, [ + X |x, - %,

ieP jeo

or, equivalently, to maximize Ward’s distance between P and Q.

Note: No computationally feasible method to find optimal P, Q for
large |R|. Have to use approximation.

Soft Computing 29

o (51 dlds gundd

Iterative algorithm to search for the optimal Ward’s split
Project observations in R on largest principal component.
Split at median to obtain initial clusters P, Q.
Repeat {  Assign each observation to cluster with closest mean
Re-compute cluster means
} Until convergence
Note:
* Each step reduces RSS(P, Q)

* No guarantee to find optimal partition.

Divisive version of average linkage
Algorithm Diana, Struyf, Hubert, and Rousseuw

Soft Computing 30
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* Root of tree represents entire collection
* Terminal nodes represent observations
* Each interior node represents a cluster
* Each subtree represents a partition

5o abadis (el

3 b 0313 il (o5 5,3) 25 55 o S5 gy 3o a5y 4355

Result of hierarchical clustering can be represented as binary tree:

Dendrogram

70

60

y-coordinate of vertex =

=
8

Distance

distance between daughter
clusters. :
10 |

Soft Computing

Data Paints

31

Silhouette Score

clusters.

b(i) —

S 9> (o)

It measures how well each data point fits within its assigned cluster compared to other

For a single data point 7, the silhouette score s(7) is calculated as:

a(i): The mean intra-cluster distance
b(i): The mean nearest-cluster distance

The score ranges from -1 to 1, where:

Soft Computing

*0) = max(a(d), b(@)

s(i) =1 indicates that the data point is well-clustered and far from neighboring clusters.
s(i) =0 indicates that the data point lies on the boundary between clusters.
s(i) =-1 indicates that the data point may be assigned to the wrong cluster.
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import matplotlib.pyplot as plt

from sklearn.datasets import

from scipy.cluster.hierarchy import

from sklearn.metrics import

from sklearn.cluster import AgglomerativeClustering

# Generate artificial data using make_blobs
X

# Perform hierarchical clustering
# 1. Compute linkage matrix
X 'ward’ # 'ward' linkage minimizes variance

# 2. Plot the dendrogram

plt
'level’ # Display only the top 5

plt "Dendrogram"
plt "Data Points"
plt "Distance”

# Apply Agglomerative Clustering
# Number of clusters
AgglomerativeClustering 'ward'
X

12 Hierarchical Clustering.py Soft Computing 33

Dendrogram for Hierarchical Clustering
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Silhouette Score for 5 clusters: 0.15
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Silhouette Plot for Hierarchical Clustering

100 { 1 --- Average Silhouette Score (0.15)
o T -
Cluster’s . Cluster 5 contains 13 words:
['Run', "Runaway', 'Overplay', 'Speech’, 'Underplay', 'Running’,
'Outrun’, 'Reran’, 'Runner’, 'Runs', 'R¢run', 'Underrun’, 'Overrun’]
80 .
Cluster 4 contains 8 words:
Cluster 4 . . .
['Playwright', 'Playtime', 'Playing, 'Play', 'Playful', 'Replay', 'Plays',
'Player']
T
9 o .
L Cluster-3-contains 9 words:
w Cluster 3 .
il ['Speak’, 'Spoken', 'Speaker', 'Spoke',|'Misspeak', 'Unspeakable’,
E 'Outspoken', 'Speaking', 'Speaks']
(s}
40 Cluster-2-contains 11 words:
St | e ['Xctivation’, 'React', 'Enact', 'Activate', 'Actress', 'Reaction’,
I — 'Activity', 'Actor’, 'Active', 'Act', 'Actjon']
20 Cluster 1 contains 9 words:
Cluster 1 l ['Write' tten’, 'Writing', 'Writer', [Overwrite', 'Writings', 'Rewrite',
“Rewritten', 'Underwrite’]
-0.1 0.0 0.1 02 0.3

Silhouette Coefficient Values
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