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Teaching Materials

Contents

MATLAB Progamming for

Members
Machine Learning (Graduate)
cflu.lab.nycu.edu.tw achine Learning (Grad e
Contents A Teaching Materials A MATLAB ML (G) e =
Please download Week 4 Materials.Compulsory Course for the Undergraduate St R Besparchc T

Lecturer: Chia-Feng Lu (alvin4016@ym.edL
MatlabEfETE=EE HEE A EIF (IE1F,

MATLAB programming (UG) Relevant Links

IR . R —
MATLAB GUI (G)
Please set current directory to MLmaterials L4 i ;.

Computer Sci. (UG)
Computer Arch. (UG)
fMRI Analysis (G)
rs-fMRI Analysis (G)

fNIRS Basics (G)
t fNIRS Workshop (G)
Human Dissection (UG)

t Neuroanatomy (UG)
Image Processing (R) 2



http://www.ym.edu.tw/~cflu

Contents In this Week

01 Unsupervised Learning: Hard Clustering

K-means, hierarchical clustering

02 Unsupervised Learning: Soft Clustering

Mixture models
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__dUnsupervised Learning:
Hard Clustering

‘ K-means, hierarchical clustering
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Unsupervised Learning: Clustering

AThe goal is to discover interesting things

about the measurements on x;,X,, . . .,X;.
ACan we discover subgroups among the

variables or among the observations? —

‘ Cooe 0080

AWe may have a reason to believe that there .| # o0 e

IS some heterogeneity among the n ETARE o o o

observation samples. e 0w °
AClustering looks to find homogeneous T el o oo

. o oo o o
subgroups among the observations. il _ Pes, ¥y e
o %o o
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K-Means Clustering

AWe must first specify the desired number of clusters K.

AlLet C,, ..., C, denote sets containing the indices of the
observations in each cluster.

1. " F"E" R {Bh}

Each observation belongs to at least one of the clusters.

______ i EEY

The clusters are non-overlapping.
No observation belongs to more than one cluster.

< Definition of hard clustering >

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

AA good clustering should have the within-cluster variation, W(C,), to be as
small as possible.

AHence, we want to minimize W(C,)

ke FURM

L. [ePe. B he. L

The ith sample X; includes p features
http://cflu.lab.nycu.edu.tw, Chia-Feng Lu 8



Algorithm of K-Means Clustering ‘

A Assign cluster randomly
—A Compute the cluster centroid
—A Re-assign the cluster based on the closest centroid

Data Final Results
]
s .:, . Step 1 Iteration 1, Step 2a Iteration 1, Step 2b Iteration 2, Step 2a
'i"'.'g'r . - o o
LN - - . 11 ol -d®® S 2*°
® .'.- -. : I..jnq.f .;..3“*.{ .;'..inﬁ'f L) } Q'f ®
. -.b‘ L .-l.‘-' " L l...h‘ .' L] -:.!" .'
™ ® e “ - N . . o’ . .
® “t ¢ L] L . g ‘
o o® - o . “1 .‘. .{ . ﬁ‘.
* %": i WL > 9" g 00 o ’©o .
oL o 4 ‘ 4 . (4 ° .ﬁ.
4 .'...' .:: ;.a :{0?. :g :*i. ':g :*F' "'
i-. -..:o s e S P . f:l a® ~r
e e * e ¢ * ¢
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Algorithm of K-Means Clustering

1. Randomly assign a number, from 1 to K, to each of the observations.
These serve as initial cluster assignments for the observations.

2. lterate 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).

http://cflu.lab.nycu.edu.tw, Chia-Feng Lu 10



Avoliding Local Optimum

ABecause the clustering results depend on the initial (random) cluster
assignment, a local rather than global optimum may be obtained.

320.9 235.8 235.8 235.8 235.8 310.9
o..‘o ﬁ“‘i % :. 0..'0 ﬁa‘i % :. 0..'. \ﬂ‘i e o ..... ‘ﬂ‘i % :. ..'. L™ ‘i % : ..'. ‘“‘q % :.
AR TENR || EahT| k|| R A
4 o.....' e®® g ......' o®® 8 0:...0 e®® 4 0:...0 o®® .....p o®® ....p e®®
] '} [ ] a '} o] '} ] '} [ ] a '} o e '} ]

ARun the algorithm multiple times from different random initial
configurations C select the best solution with smallest objective.
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Exercise 1 K-Means Clustering

A Partition data into K mutually exclusive clusters.
AFi sher 6s | rifisherdigst aset (| oad
A 50 samples from each of three species of Iris

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

150 observations of iris

oy

as]
;

- .
LK

- L]

®

-
%

feature 3
S
3

M
.
-
[]
.
.
'l

=
[ ]

feature 2 2 4 feature 1

MLmaterials L4\Ex_Kmeans.m

Iris setosa Iris versicolor Iris virginica
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Exercise 1 K-Means Clustering

. ) ) Total sum of dist = 78.8557
A Perform K-means clustering with 20 replicates and

parallel computing | IS
6 ...; ..
opts = statset('UseParallel’,1); E : 8
- V4 ﬂJ2 .'. *
[ind,C,sumd] = kmeans(meas,3,'Maxlter',1 0 0 0 0, € ", & -

'‘Replicates’,20,'Options’,opts); p . o

A Replicate 10, 3 iterations, total sum of distances = 78.8514. feaure2 = % feaure 1
A Replicate 9, 4 iterations, total sum of distances = 78.8514. / Total sum of dist = 142.7541
A Replicate 14, 10 iterations, total sum of distances = 142.754.

A Replicate 12, 7 iterations, total sum of distances = 78.8557.
A Replicate 11, 2 iterations, total sum of distances = 78.8557.

A Best total sum of distances = 78.8514

6

%]
%4l

feature 3
I
e
_ €
L]

o
H

MLmaterials L4\Ex _Kmeans.m 3 5
feature 2 feature 1
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Hierarchical Clustering ‘

A An alternative approach which : :
does not require that we commit | | | pefeeepe
to a particular choice of K. “ 1 ® -

AAn added advantage over K- . .
means clustering in that it results
In an attractive tree-based .- | “ .

representation of the observations, { | |
i

called a dendrogram. o
45 observations

10
10

I

http://cflu.lab.nycu.edu.tw, Chia-Feng Lu 14



Interpretation of Dendrogram

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

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

0.5
|

0.0
|

00 05 10 15 20 25 3.0
| |
]
T
Xy
(#%]

1 e

— O T

14

|
-16 -1.0 -05

-15 1.0 -05 0.0 0.5 1.0

One single dendrogram can be used to obtain any number of clusters. Xx,
http://cflu.lab.nycu.edu.tw, Chia-Feng Lu 15



Algorithm of Hierarchical Clustering

1. Begin withén observations and a measure (such as Euclidean distance)
of all the (C) € € p g pairwise dissimilarities.

2. For'Q ¢he phke ¢ hd
(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 k 1
1 remaining clusters (linkage, dissimilarities between clusters).

http://cflu.lab.nycu.edu.tw, Chia-Feng Lu 16



Value
‘euclidean’
'squaredeuclidean’

'seuclidean’

'mahalanobis'

‘cityblock'
'minkowski'

‘chebychev
‘cosine’
‘correlation’
‘hamming’
'Jaccard'
'Spearman’

@distfun

Description
Euclidean distance (default).

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

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 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.

City block distance.

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 distance (maximum coordinate difference).

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

One minus the sample correlation between points (treated as sequences of values).
Hamming distance, which is the percentage of coordinates that differ.

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

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

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

Linkage Methods
Method ~ Descripon

‘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

http://cflu.lab.nycu.edu.tw, Chia-Feng Lu 18



Demo Dataset 1 NCI60

= |NCI60 Cancer Microarray Project
53 The web supplement to D.T. Ross et al. (2000)
Nature Genetics, 2000 March, 24(3): 227-234

ACancer Microarray Project

A http://genome-www.stanford.edu/nci60/

ANCI60 is a dataset of gene expression profiles of 60 National Cancer
Institute (NCI) cell lines.

A derived from patients with leukaemia, melanoma, lung, colon, central nervous
system, ovarian, renal, breast and prostate cancers.

ARoss DT, Scherf U, Eisen MB, Perou CM, Rees C, Spellman P, lyer 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.
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http://genome-www.stanford.edu/nci60/

AMLmaterials_L4\NCl60data.csv

64 x 6830 matrix

A B C D E F G H | J K
1 1 2 3 4 5 6 7 8 9
> CNS 03 118 055 114 0265 007 035 0315 045 065
3 CNS 0679961 1289961 0.160961 0370961 0.464961 0.579961 0.609961 0.724961 0.04004 0.28
4 CNS 004 004 017 004 0605 0 0
s RENAL 028 D031 068 081 0625 -139E17 0.1
6 BREAST 0485 0465 0395 0005 02 o005 ood 10
7 CNS 031 003 01 046 0205 054 04
8 CNS 083 0 013 16 005 0% 04
9 BREAST 019 087 045 008 0005 035 00,
10 NSCLC 0.46 0 115 14 D005 07 09
11 NSCLC 076 149 028 0.1 055 036 0| 40
12 RENAL 027 063 03  -104 0015 D004 09
13 RENAL 045 D006 015 061 035 015 04 s
14 RENAL 003  -112 005 0 0205 025 01
15 RENAL 071 0 016 077 0045 016 0360

50 100

150

200




Exercise T Hierarchical Clustering

AFind the similarity or dissimilarity between every pair of objects
In the data set.

>> pdist

AGroup the objects into a binary, hierarchical cluster tree.
>> |inkage

ADetermine where to cut the hierarchical tree into clusters.

>> cluster

MLmaterials L4\Ex_HierarchicalClustering.m

http://cflu.lab.nycu.edu.tw, Chia-Feng Lu
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Exercise T Hierarchical Clustering
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Unsupervised Learning:
SOt ClUSTErNNG IS

.
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Mixture Models

Alnstead of exclusive clusters, statistical mixtures represent each cluster as
a probability density.

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