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Stages in Clustering

Data types
* binary | discrete | continuous Data X
Data scales
* Qualitative; nominal | ordinal T, ¢
» Quantitative: interval | ratio
Feature
Extraction
Patterns
Representations

Slmﬂ?n.ty Measure
Proximity

|

Grouping Algorithm

What is clustering?

Cluster analysis is the
organization of a collection of l
patterns into clusters based on

similarity. The problem is to
group a given collection of
unlabeled patterns into
meaningful clusters.

Clusters Y

Dimension Visualization
Reduction Graphics Methods



Clustering Analysis

Hierarchical Clustering Algorithm

Partitional Algorithm: k-means
Mixture-Resolving and Mode-Seeking Algorithm
Nearest Neighbor Clustering

Fuzzy Clustering

Artificial Neural Networks for Clustering
Clustering Large data sets



Data/Z Information Visualization
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What is Visualization? |sseam, aaim 287
To visualize = to make visible, to transform into pictures.
Making things/processes visible that are not directly accessible by
the human eye.
Transformation of an abstraction to a picture.
Computer aided extraction and display of information from data.

Data/Information Visualization
Exploiting the human visual system to extract information from data.
Provides an overview of complex data sets.

Identifies structure, patterns, trends, anomalies, and relationships in
data.

Assists in identifying the areas of interest.

Tegarden, D. P. (1999). Business Information Visualization. Communications of AIS 1, 1-38.



The I FIS Data (Anderson 1935; Fisher 1936)

Iris Flowers

Iris Setosa Iris Versicolor

Iris Virginica

http://www.stat.auckland.ac.nz/~ithaka/120/Lectures/lecture27.pdf
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 The iris data published by Fisher (1936) have been widely used for
examples in discriminant analysis and cluster analysis.

 The sepal length, sepal width, petal length, and petal width are measured

in centimeters on fifty iris specimens from each of three species, Iris setosa,

|. versicolor, and I. virginica.
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Histograms
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Two important properties of a clustering definition:

1. Most of data has been organized into non-overlapping clusters.

2. Each cluster has a within variance and one between variance for each of the other clusters. A 8
good cluster should have a small within variance and large between variance.



Scatterplot

The Iris Data
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Dend rOg Fam (Kaufman and Rousseeuw, 1990)

Hierarchical Clustering
Exampl €. Agglomerative algorithm + Average linkage clustering

Single-linkage
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Visualizing and Clustering
High-dimensional Data:
dimension reduction techniques

* Principal Component Analysis (PCA)

 Multidimensional Scaling (MDS)
e Self-Organizing Maps (SOM)

Dimension reduction visualization is often adopted for
presenting grouping structure for methods such as K-means.
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Principal Component Analysis (PCA)

(Pearson 1901; Hotelling 1933; Jolliffe 2002)

The ith principal component of X is X'v;,
where v; is the ith normalized eigenvector

of ¥x corresponding to the ith largest eigenvaules.

The PCA summaries the

dispersion of data points as

data cloud in a small number of

major axes (principal

components) of varition among
the variables.

Importance of components:

Loadings:
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Software: Splus
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Multidimensional Scaling (MDS)

(Torgerson 1952; Cox and Cox 2001)
2D MDS configuration plot
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Self-Organizing Maps (SOM)

(kohonen 2001)

SOMs were developed by
Kohonen in the early 1980's,
original area was in the area of
speech recognition.

SOM is unique in the sense
that it combines both
aspects. It can be used at
the same time both to
reduce the amount of data
by clustering, and to
construct a nonlinear
projection of the data onto a
low-dimensional display.

Hodes that are very

unlike p53 vector ,-"'I .'rl .'rl .'rl .'rl .'rl .'rl .'FI-'"II

OUTPUT

HODE p53 vector value

IHPUT HODE

Hodes that are very
like p53 vector

http://www.ucl.ac.uk/oncology/MicroCore/tutorial.htm

(Organise data on the basis of similarity by putting entities geometrically

close to each other)
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Overview of SOM

LIST:

—

INTERROGATION
of Input Hode x

Step 0: Initialize weights w;(t).

Input Hode 1
Input Hode 2 -
|I'I|]l.lt Hode 3 Find next

Find closest vector and
modify by current gand r

Modify g and r
for the next
time Inpurt
Hode x is up for
interrogation

& input Hode

Set topological neighborhood parameters N_(t).
Set learning rate parameters a(t) and he(t).

Step 1: For each input vector x(t), do

http://www.ucl.ac.uk/oncology/MicroCore/tutorial.htm

a. Finding a BMU: |x(t) — w,.(t)|| = min; |x(t) — w;(t)|

b. Learning process:

wit +1) = { wi(t) 4+ he () [ x(t) — wilt) ], i € N.(t)

w; (1), 0.W.

¢. Go to the next unvisited input vector. If there are no unvisited input

vector left then go back to the very first one and go to Step 2.

Step 2: Incrementally decrease the learning rate and the neighborhood size, and repeat
Step 1.

Step 3: Keep doing Steps 1 and 2 for a sufficient number of iterations.

15



SOM - Initialization . f“”*”"?_'ulﬂ“.l'ffw‘:&“h?}

f IR I e e ;f f
ST v e /\/
Step 0: Initialize weights w;(t). Jb A A R

Set topological neighborhood parameters N,(). f‘f#-}s -,f -!s -,f -fs .;’ .,?’

Set learning rate parameters o(t) and h;(t). f,_fﬂ f : f : J;,f : J;,f : ﬁf'f ' ]ﬁf' ' ]I,_»"f .jf :J“#;‘;Efm':::]ﬁ
gy initialisations
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SOM initialization means to give each weight of the output node a random (or
determined) vector value. The dimensionality of the vector values put in must
match the dimensionality of the raw data! So if the raw data consists of 5
arrays, then the vectors must have 5 elements (dimensions).

Two examples of topological neighborhood.
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SOM Algorithm

Step 1: For each input vector x(7), do
a. Finding a BMU: |x(t) — w.(t)| = min; |x(¢) — w;()|

b. Learning process:

w;(t) + hei(B)] x(t) —w;(t) ], @ € N.(¢t)
w;(t), 0.W.

wi(t+ 1) = {

¢. Go to the next unvisited input vector. If there are no unvisited input

vector left then go back to the very first one and go to Step 2.
o

The SOM algorithm then goes on to S e
interrogate the map for similar f{f{f}f,ﬁfﬁfﬁfﬁf,ﬁfﬁf Vpﬂ
vectors f,f;f }rf }r;“H }r;“H }r;“H }r;“H }r;“H f B:+ ® 23 33 5]
,J": ,I'I,fll,fll,f,f",f",f ,f o
L
G000 b
Sodn i e
representation

/\/\ OUTPUT HODE 1 INPUT HODE .
{vector value is

similar to p53)

http://www.ucl.ac.uk/oncology/MicroCore/tutorial.htm




SOM Algorithm: neighborhood
functions

| WINHER NODE ] ) ) o )
The winner node's weight is modified such that it

becomes even more similar to the original input node's
vector.

1t 1
e P P P

B Heighbourhood
size =2

The neighborhood value has a two-fold character -
Influence of . . . .
neighbourhood a size and a function of distance to influence. One
could even define a further third character - the
shape of the neighborhood (in this case, a square

A - highlighted in blue).
\ The peak of the Gaussian function
) would be the location of the winner
fistaree fean dineisi. ook node. As one moves out from that

location, the r value decreases.

18
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SOM Algorithm: neighborhood
functions and learning rate functions

T T T T
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Different neighborhood functions. From the left Different learning rate functions:
"bubble’ hei(t) = 1oy — dei), *linear’ (solid line) a(#) = ag (1-#/T),
*gaussian’ hg;(t) = e %ei/2% 'power’ (dot-dashed) a(t) = ag(0.005/mp)" T and
’cutgauss’ hd(t) = E_d:if‘ggfl(ﬂ't s du')., and Yinv?! (dBShEd) ﬂ!(t) = ﬂ!ﬂf (1 + 100 th)-; where T
‘ep’ hei(t) = max{0,1 — (o¢ — dei)?}, where is the training length and ay is the initial learning rate.

o¢ is the neighborhood radius at time ¢, . .

d.; = ||r, — r;|| is the distance between map units ¢ and ¢ on thp map grid
1(x) is the step function: 1{z) = 0ifz < 0 and 1(z) = 1ifz > 0.

The neighborhood radius used is o = 2.

Source fram Technical report on SOM Toolbox 2.0 for Matlab.
19



Find closest vector and
—

Summary of SOM i i
y .1_
Modify g and r
INTERROGATION for the next
of Input Hode x time Input
Hode x is up for
LIST: interrogation
Input Hode 1
Input Hode 2 -
Step 0: Initialize weights w;(t). Input Hode: 3 Find next
: : r H
Set topological neighborhood parameters N.(t). input Hode
Set learning rate parameters a(t) and hy(t).
Step 1: For each input vector x(t), do http://www.ucl.ac.uk/oncology/MicroCore/tutorial.htm

a. Finding a BMU: |x(t) — w.(t)|| = min; |x(t) — w;(t)]

b. Learning process:

( : r
() + he(t t)—w;lt) |, € N.(t
w4 1) | WO HOXO - w0 i €Nt
w; (1), 0.W.
¢. Go to the next unvisited input vector. If there are no unvisited input

vector left then go back to the very first one and go to Step 2.

Step 2: Incrementally decrease the learning rate and the neighborhood size, and repeat
Step 1.

Step 3: Keep doing Steps 1 and 2 for a sufficient number of iterations.

20



Possible parameters used in SOM

analysis

. Grid dimension: 2D, 3D

. Grid shape: in 2D — Rectangle, Hexagon, ...

Number of node: in 2D Rectangle — 4x6, 5x5, 3x8,...

. Neighborhood function: Bubble kernel, Gaussian kernel, ...

. Neighborhood size: radius of N_(t)

Learning rate function: «a(t)
Initial weights: random, use input vector
Order of input vectors: random, ...

Ways of learning: number of iteration,...

21



SOM: Iris example

(o) —1b A=t —1e
@ =2 =0 =

/]\\— e [P | B
(o) =1y =Y n=uU

-3

Software: R: The som Package
http://cran.r-project.org/src/contrib/som 0.2-7.tar.gz

> iris.data.n <- normalize(iris.data, byrow=F)
> iris.som <- som(iris.data.n, xdim=4, ydim=4, topol="rect", neigh="gaussian")
> plot.som(iris.som)



U-matrix: Unified Matrix Method

(Ultsch and Siemon 1989, Ultsch 1993)

U-matrix representation of SOM
visualizes the distance between the
neurons. The distance between the
adjacent neurons is calculated and
presented with different colorings
between the adjacent nodes.

[ ] [ ] M [ [ ]

L] L] L] L L]

I A A

[ ] ro [ [ ] [ ]

L L L L L
dytcp de(cy)

1 O 01 O [
&y(x.p) dp(n)

[ ] [ ] [ ] 1 [

[ L L] L] L

U-matrix representation of the SOM

b(x,y): matrix of neurons, of size n, x Ty
w;(x,y): matrix of weights.

u(z,y): U-matrix of size (2n, — 1) x (2n, — 1).

de(z,y): |b(z,y) — bz + 1,y)|| = \/Zi[wi-(m,y) —wi(z + L, y))?

dy(z,y): [b(x,y) — b(z,y + )| = /Zilwi(z,y) —wiz,y + 1)]?

oy (, ) S RED=MEHy DL | By t) Wiyl

d,(x,y): the median of the surrounding elements.

23



SOM.: Iris example

U—-matrix

;-’f,

Figure 3.1: Example dataset

Petall

Figure 3.2: U-Malrix

AUlsch, CVetter {1594)
Seli-Organizing-Feature-Maps
versus Statistical Clustering
Methods: A Benchmark

Software: SOM Toolbox 2.0 for Matlab
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Visualizing and Clustering
High-dimensional Data:
dimension-free visualization

 Block Clustering

e Data Image

* Generalized Association Plots (GAP)

25



Block CIUStering (Hartigan, 1972)

: o T
Reorders rows and columns to : e e
produce a matrix with : S - - 2
homogenous blocks. 12 3 = > 3 1 4
Algorithm: ; . s [} '
rows (columns) are sorted by row -— o
(column) mean. : : :

Start with entire data in one block. 2314 2 3 14 2 3 1 4

earlier split
most recent split
block can only be split here (due to fixed split rule)

Choose the row or column split (of all existing blocks) that reduces total
within- block- variance the most

Continue until alarge number of blocks are obtained.
Recombine blocks by pruning.

Stopping rule: The “maximum gap” approach.
The gap function gap(k) = ave(rssy) — rss;.

ave(rss)) @ averaged over some random permutations of row and

column with the blocks used in rss;. 26

rssk ¢ the total within block sum of squares, when k clusters are used.
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Data Image

(Minnotte and Webster 1999)

no. | Sepal.Length | Sepal Wvidth  Petal Length | Petal.Width | Species
1 5.1 35 1.4 0.2 setosa
2 449 30 1.4 0.2 setosa
3 47 32 1.3 0.2 setosa
4 46 3.1 1.5 0.2 setosa
5 50 3B 1.4 0.2 setosa
T B.R 30 4.4 1.4 warsicolor
150 5.9 30 5.1 1.8 wirginica

Column condition:

For each variable

max Random
permute
rows
—l —
Splus code from Michael C. Minnotte: ——

http://math.usu.edu/~minnotte/research/pubs.html




Relativity of a Statistical Graph

(Chang et al. 2002)

Concept:
placing similar (different) objects at closer (distant) positions

Permuted with good Orders Permuted with bad Orders
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Generalized
Assoclation

Plots

(Chen, 2002)

A Complete GAP Procedure
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GAP: Iris example

Species Ordering

e color spectrum
* variable transformation
* similarity measure

Software

(1) Xlispstat

(2) C++ codes &

(3) GaplLite (to appear)
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GAP: Iris example

Random Permutation

e color spectrum
* variable transformation
* similarity measure

Log2(ratio of gene expression)

~ |

(-) down (0) no (+) up

regulated  differentially regulated
expressed

Bi-direction colour spectrum for gene expression profile.

Iris
= 5el0sa
= arsicolor

;e et R BV

Sepal Length
a0l v
elal.Length

Fetal vvidth

B

Correlation
| B ]
-1 1




Iri=
= sefosa
= yarsicalor
=irginica

column matrix  Negsurement

Min.

Max. Win

e

Agglomerative Clustering
with average linkage
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Seriation

 Robinson matrix
e Tree seriation

: Robinson E##E-Robinson & -

ﬁm Nﬂ Nm M m M m m Source from Chen (2002)
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Seriation: Iris example

.| 1
ﬁl

b

2

Permuted Euclidean distance maps for Iris data with
conventional and seriation algorithms proposed in Chen (2002)
(a) farthest insertion Spanning; (b) nearest insertion spanning;
(c) single linkage cluster tree; (d) complete linkage cluster tree;
(e) average linkage cluster tree; (f) GAP rank-one tree;

(g) GAP rank-two ellipse; (h) GAP rank-1 & 2 double ellipse.

® T ®

Source from Chen (2002).
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More on GAP

Gimension Free
.'- Crata Visualization

.
|T |§ Web site: http://gap.stat.sinica.edu.tw/

GAP
(categorical)
Raw "1 Sufficient
Data |3 Data
Maps [ 755 Maps
Generalized
Association Plots
(GAP)
(dependent) (clustered) for Dimension Free
Data Visualization
Sorted Partitioned
Data Data
. Maps Maps
(missing value)
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