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cflu.lab.nycu.edu.tw
Contents Ą Teaching Materials Ą MATLAB ML (G)

Please download Week 4 Materials.

Please set current directory to MLmaterials_L4

http://www.ym.edu.tw/~cflu
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K-means, hierarchical clustering
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Unsupervised Learning: Clustering
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ÅThe goal is to discover interesting things 
about the measurements on x1,x2, . . .,xn. 

ÅCan we discover subgroups among the 
variables or among the observations?

ÅWe may have a reason to believe that there 
is some heterogeneity among the n 
observation samples.

ÅClustering looks to find homogeneous 
subgroups among the observations.
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K-Means Clustering
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ÅWe must first specify the desired number of clusters K.

ÅLet C1, . . ., CK denote sets containing the indices of the 
observations in each cluster.

1. ╒ ᷾╒ ᷾Ễ᷾╒╚ ȟȣȟ▪

Each observation belongs to at least one of the clusters.

2. ╒▓᷊╒▓ ȟɲ█▫►╪■■▓ ▓ᴂ

The clusters are non-overlapping. 

No observation belongs to more than one cluster.

K = 3

C1

C2

C3

< Definition of hard clustering >
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K-Means Clustering
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ÅA good clustering should have the within-cluster variation, W(Ck), to be as 
small as possible.

ÅHence, we want to minimize W(Ck)

╪►▌ἵἱἶ
╒ȟȣȟ╒▓

▓

╚

╦ ╒▓

ÅThe most common estimate of W(Ck) is squared Euclidean distance.

╦ ╒▓ ╝▓
░ȟ░ɴ╒▓▒

▬

●░▒ ●░▒
░ɴ╒▓▒

▬

●░▒ ●▓▒

╧░ ●░ȟ●░ȟȣȟ●░▬
The ith sample Xi includes p features
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Algorithm of K-Means Clustering
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ÅAssign cluster randomly 

ÅCompute the cluster centroid

ÅRe-assign the cluster based on the closest centroid
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Algorithm of K-Means Clustering
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1. Randomly assign a number, from 1 to K, to each of the observations. 
These serve as initial cluster assignments for the observations.

2. Iterate until the cluster assignments stop changing:

(a) For each of the K clusters, compute the cluster centroid. The kth 
cluster centroid is the vector of the p feature means for the 
observations in the kth cluster.

(b) Assign each observation to the cluster whose centroid is closest 
(where closest is defined using Euclidean distance).
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Avoiding Local Optimum
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ÅBecause the clustering results depend on the initial (random) cluster 
assignment, a local rather than global optimum may be obtained.

ÅRun the algorithm multiple times from different random initial 
configurations Č select the best solution with smallest objective.

320.9 235.8 235.8235.8 235.8 310.9
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Exercise ïK-Means Clustering
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ÅPartition data into K mutually exclusive clusters.

ÅFisherôs Iris dataset (load fisheriris)

Å50 samples from each of three species of Iris

ÅFour features were measured from each sample: the 
length and the width of the sepals and petals (in cm)

150 observations of iris

MLmaterials_L4\Ex_Kmeans.mIris setosa Iris versicolor Iris virginica
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Exercise ïK-Means Clustering
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ÅPerform K-means clustering with 20 replicates and 
parallel computing

opts = statset('UseParallel',1);

[ind,C,sumd] = kmeans(meas,3,'MaxIter',10000,é

'Replicates',20,'Options',opts);

ÅReplicate 10, 3 iterations, total sum of distances = 78.8514.

ÅReplicate 9, 4 iterations, total sum of distances = 78.8514.

ÅReplicate 14, 10 iterations, total sum of distances = 142.754.

ÅReplicate 12, 7 iterations, total sum of distances = 78.8557.

ÅReplicate 11, 2 iterations, total sum of distances = 78.8557.

ÅBest total sum of distances = 78.8514

MLmaterials_L4\Ex_Kmeans.m
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Hierarchical Clustering
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ÅAn alternative approach which 
does not require that we commit 
to a particular choice of K.

ÅAn added advantage over K-
means clustering in that it results 
in an attractive tree-based 
representation of the observations, 
called a dendrogram.

45 observations
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Interpretation of Dendrogram
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ÅThe earlier (lower in the tree) fusions occur, the more similar the groups of 
observations are to each other.

Åthe height of the cut to the dendrogram serves controls the number of 
clusters obtained.

One single dendrogram can be used to obtain any number of clusters.
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Algorithm of Hierarchical Clustering
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1. Begin with n observations and a measure (such as Euclidean distance) 

of all the 
ὲ
ς

ὲὲ ρȾςpairwise dissimilarities.

2. For Ὧ ὲȟὲ ρȟὲ ςȟȣȟςȡ

(a) Examine all pairwise inter-cluster dissimilarities among the k clusters 
and identify the pair of clusters that are least dissimilar (that is, most 
similar). Fuse these two clusters. 

The dissimilarity between these two clusters indicates the height in the 
dendrogram at which the fusion should be placed.

(b) Compute the new pairwise inter-cluster dissimilarities among the kī 
1 remaining clusters (linkage, dissimilarities between clusters).
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Dissimilarities ïDistance metric
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Value Description

'euclidean' Euclidean distance (default).

'squaredeuclidean' Squared Euclidean distance. (This option is provided for efficiency only. It does not satisfy the triangle 

inequality.)

'seuclidean' Standardized Euclidean distance. Each coordinate difference between observations is scaled by 

dividing by the corresponding element of the standard deviation, S = nanstd(X). Use DistParameter to 

specify another value for S.

'mahalanobis' Mahalanobis distance using the sample covariance of X, C = nancov(X). Use DistParameter to 

specify another value for C, where the matrix C is symmetric and positive definite.

'cityblock' City block distance.

'minkowski' Minkowski distance. The default exponent is 2. Use DistParameter to specify a different exponent P, 

where P is a positive scalar value of the exponent.

'chebychev' Chebychev distance (maximum coordinate difference).

'cosine' One minus the cosine of the included angle between points (treated as vectors).

'correlation' One minus the sample correlation between points (treated as sequences of values).

'hamming' Hamming distance, which is the percentage of coordinates that differ.

'jaccard' One minus the Jaccard coefficient, which is the percentage of nonzero coordinates that differ.

'spearman' One minus the sample Spearman's rank correlation between observations (treated as sequences of 

values).

@distfun Custom distance function handle. A distance function has the form

https://localhost:31515/static/help/stats/nanstd.html
https://localhost:31515/static/help/stats/nancov.html


http://cflu.lab.nycu.edu.tw, Chia-Feng Lu

Linkage Methods
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Method Description

'average' Unweighted average distance

'centroid' Centroid distance, appropriate for Euclidean distances only

'complete' Farthest distance

'median' Weighted center of mass distance, appropriate for Euclidean 

distances only

'single' Shortest distance

'ward' Inner squared distance (minimum variance algorithm), 

appropriate for Euclidean distances only

'weighted' Weighted average distance
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Demo Dataset ïNCI60
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ÅCancer Microarray Project
Åhttp://genome-www.stanford.edu/nci60/

ÅNCI60 is a dataset of gene expression profiles of 60 National Cancer 
Institute (NCI) cell lines.
Åderived from patients with leukaemia, melanoma, lung, colon, central nervous 

system, ovarian, renal, breast and prostate cancers. 

ÅRoss DT, Scherf U, Eisen MB, Perou CM, Rees C, Spellman P, Iyer V, Jeffrey 
SS, Van de Rijn M, Waltham M, Pergamenschikov A. Systematic variation in 
gene expression patterns in human cancer cell lines. Nature genetics. 2000 
Mar;24(3):227-35.

http://genome-www.stanford.edu/nci60/
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Demo Dataset ïNCI60
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ÅMLmaterials_L4\NCI60data.csv
64 x 6830 matrix
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Exercise ïHierarchical Clustering
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ÅFind the similarity or dissimilarity between every pair of objects 
in the data set.

>> pdist

ÅGroup the objects into a binary, hierarchical cluster tree.

>> linkage

ÅDetermine where to cut the hierarchical tree into clusters.

>> cluster

MLmaterials_L4\Ex_HierarchicalClustering.m
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Exercise ïHierarchical Clustering
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ÅAverage and complete
linkage tend to yield more 
balanced clusters.

ÅSingle linkage can result in 
extended, trailing clusters in 
which single observations are 
fused one-at-a-time.

Complete Linkage

Average Linkage

Single Linkage

MLmaterials_L4\Ex_HierarchicalClustering.m



http://cflu.lab.nycu.edu.tw, Chia-Feng Lu

Exercise ïHierarchical Clustering
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Complete Linkage

maxclust = 5
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Mixture models

Unsupervised Learning: 

Soft Clustering
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Mixture Models
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ÅInstead of exclusive clusters, statistical mixtures represent each cluster as 
a probability density.

ÅWe can model clusters with a wide variety of shapes in almost any type of 
data.


