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/| Outlines

m CIustering Analysis
» Visualizing Clustering Results (DR, Heat Map)
= Distance and Similarity Measure
m Clustering Algorithms
s K-Means (K#91&;%), On-Line K-Means (4 _EKIg{EE)
m kmodes, k-medoid, PAM, CLARA
m Fuzzy C-Means (£#iCi9{E%)
= Quality Threshold Clustering (QT#$55)%)
= Hierarchical Clustering (F&[E={ 73 &%)
= Self-Organizing Maps (SOM) (B #4H & tHE [E)
s Generated Association Plots (BEZ1HEIE)
s How Many Clusters? Cluster Validation

http://www.hmwu. idv.tw



7.'“ Cluster Analysis

Group a given collection of unlabeled patterns into meaningful
clusters.

Data, X

o

— | Step1. Feature Extraction

Transformation/Normalization
Dimension Reduction

Similarity/Distance Measures

\ 4

Step2. Clustering Algorithms

l Clusters,y -+ Dimension +Visua]ization
Reduction Graphics Methods

Step3. Cluster Validation

A Good Review Paper: Daxin Jiang, Chun Tang and Aidong Zhang, (2004), Cluster analysis for gene
expression data: a survey, IEEE Transactions on Knowledge and Data Engineering 16(11), 1370- 1386.
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Hierarchical Clustering

Hierarchical clustering can be perform using agglomerative and
divisive approaches. The result is a tree that depicts the relationships
between the objects.

m Divisive clustering:
= begin at step 1 with all the data in one cluster, in each subsequent step a cluster is
split off, until there are n clusters.
m  Agglomerative clustering:
= all the objects start apart.
m There are n clusters at step 0, each object forms a separate cluster.
= Ineach subsequent step two clusters are merged, until only cluster is left.

Step0 Stepl Step2 Step3 Step 4 Agglomerative
! | ' ' ' »  (AGNES)

Divisive

! J ' I | _
Step4 Step3 Step2 Stepl Step0 (DIANA)
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0. Non-Hierarchical Clustering

12

ﬁ%ﬂﬁiﬁ (Partitioning Algorithm)
= k-means, The EM algorithm, ..

n ZEEESA (Density-Based Algorlthm)
= Nearest Neighbor, ...

\

s NOTES:

= Only use similarities of instances, without any other
requirement of the data.

= The aim is to find groups such that instances in a
group are more similar to each other than
iInstances in different groups.

s Make sure that all attribute have the same scale.

http://www.hmwu. idv.tw



After Clustering

= Supervised learning after clustering
= Dimensionality Reduction vs. Clustering

B The goal of clustering is to determine the intrinsic
grouping in a set of unlabeled data.

o Marketing: finding groups of customers with similar behavior given a large
database of customer data containing their properties and past buying records;

B Biology: classification of plants and animals given their features;
B Libraries: book ordering;

B [nsurance: identifying groups of motor insurance policy holders with a high
average claim cost; identifying frauds;

] City-planning: identifying groups of houses according to their house type,
value and geographical location;

B Earthquake studies: clustering observed earthquake epicenters to identify
dangerous zones;

B WWW: document classification; clustering weblog data to discover groups of
similar access patterns.

http://www.hmwu. idv.tw



Two Important Properties

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

= A good cluster should have a small within variance
and large between variance.

http://www.hmwu. idv.tw



Visualizing Clustering Results:

87122

Heat Map (1/2)

gene-01
gene-02
gene-03
gene-04
gene-05
gene-08
gene-07
gene-08
gene-09
gene-10
gene-11
gene-12
gene-13
gene-14

= gene-15
Gene Expression gene-1¢

gene-17

- TTIN———— gene-16
. . gene-19

no differential Up- gene-20

Down-
regulated expressed regulated
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Gene-based Sample-based
clustering clustering

WD

Twoway-based
clustering

Subspace
clustering
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Visualizing Clustering Results: Heat Map (2/2)

e.g., K-means, SOM, Hierarchical Clustering,
Model-based clustering,...

Va2
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0.0
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: Data Image, Matrix Visualization

A B C D E F
v B B2 B S 1 |eage e |lagre o |Hece e |sns | max
[T 6o 02 [85 ] 45 |62] | =P HE1 s opE2 Bk
I TA00] 66 | 90 | 82 [ 36 | 90 @ a1 T
4 a3 72 | 92 | 80 62 | 70 g A02
@ 5 a04] 68 || 90 | e0 37 | 95 s A03
= 6 (205 74 || 60 | 86 54 | 70 E A04
i 7 (206 77 || 90 | ss 88 | 95
4‘- @ 4'-
E 8 [a07| 73 || 88 | 77 51 | 95 ﬁ AD3
5 0 [A08| 61| 90 | 84 | 40 | ez A06
& 10 [no0] 66 || 88 | 82 | 39 | 80 min A07
11| a10] 76 75 a7 72 a0 ADS
© 12 Aa11] 64 || 90 | a0 2% | 95 A09
b 13 a12] 75 || 90 | &0 55 | 70 AlD
14 [ a13] 92 || a0 | s3 90 | 95 All
Al2
Al3
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min “' max
v B B2 B S
. A0l
What about this one? A02
A03
A04
Exam Score ADS
D e
) A07
min max A0S
0 100 A09
Al0
All
Al2
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Range Column Condition
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Heat Map: Display Conditions
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fviz_cluster {factoextra}

Visualize Clustering Results

12/122

Lkage
fviz_cluster(object, data
axes c(l, 2), geom

ellipse.level
pointsize 1.5,
ylab =
ggtheme

theme _grey(Q),

c("point',
show.clust.cent = TRUE, ellipse
= 0.95, ellipse.alpha
labelsize
NULL, outlier.color

--)

NULL, choose.vars
"text"), repel
TRUE, ellipse.type

12, main
“"black",

outlier.shape

NULL, stand =
FALSE,

0.2, shape = NULL,
"Cluster plot",

TRUE,
""convex"',

xlab = NULL,

19,

fviz_cluster provides
ggplot2-based elegant
visualization of partitioning

methods including: kmeans
{stats}; pam, clara and fanny
{cluster}; dbscan {fpc};
Mclust {mclust}; HCPC
{FactoMineR}; hkmeans
{factoextra}.

Observations are represented by
points in the plot, using
principal components if
ncol(data) > 2. An ellipse is
drawn around each cluster.

iris.scaled <- scale(iris[,

iris|,
iris|,

fviz_cluster(iris.km,
fviz_cluster(iris.km,

-5D
iris.km <- kmeans(iris.scaled,
-51)
_5] ,

centers=3)

ellipse.type norm™)

Dim2 (22.9%)

- |
0 JEhy - 2:1
) can
2B p e

Cluster plot

] ‘:‘-3;
‘J%G

A3 Sg.

=
17% 1P

Dim1 (73%)

Dim2 (22.9%)

Cluster plot

Dim1 (73%)
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Hard & Soft Clustering

s Hard Clustering: K-means, SOM, Hierarchical Clustering

m Soft Clustering: Fuzzy c-means, model-based clustering, ...

123

max 0.65

0.59

0.54

048
I 0.42 usually

0.ar

0.31

0.25
|

s

Class Labels Class Membership
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= 14/122
.;»* | R functions and packages for cluster analysis
%

[
Z
—

7.

-

<,
Package Functions Description
cclust Convex clustering methods
| class SOM Self-organizing maps |
cluster  agnes AGglomerative NESting
clara Clustering LARge Applications
diana DIvisive ANAlysis
fanny Fuzzy Analysis
mona MONothetic Analysis
pam Partitioning Around Medoids
el071 bclust Bagged clustering
cmeans Fuzzy C-means clustering
flexmax Flexible mixture modeling
fpe Fixed point clusters, clusterwise regression

and discriminant plots
hopach  hopach, boothopach Hierarchical Ordered Partitioning and
Collapsing Hybrid

melust Model-based cluster analysis
| stats hclust, cophenetic Hierarchical clustering |
heatmap Heatmaps with row and column dendrograms

| kmeans k-means |

K.S. Pollard, M.J. van der Laan (2005). Cluster Analysis of Genomic Data with Applications in
R. in Bioinformatics and Computational Biology Solutions Using R and Bioconductor, Springer.
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| égaoé, Clustering Analysis in Microarray Experiments
w, UHPE S

Goals

= Find natural classes in the data
|dentify new classes/gene correlations
Refine existing taxonomies

Support biological analysis/discovery

cluster genes based on samples profiles ul

m cluster samples based on genes profiles

Hypothesis:

O genfels with similar biological function have similar expression
profiles.

Characteristic of Microarray Data:
= High-throughput (large-scale)
= Noise

= Qutliers

= Biological Knowledge

http://www.hmwu. idv.tw
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Distance and Similarity Measure

21 1.00

x4 -0.10

022

%2 048 100 0.22 -0.23
%3 D.1D 1.00 036 -0.08

0.36

Proximity Matrix

-0.10 -0.28

1.00 0.1o

Pearson Correlation Coefficient

N Yz (i — ) (yi — 9)
TY — = =
V2oizi (@i —2)* /i (i — 9)?

T o= ({L‘l?{ﬂg? .. ?ﬂ’}n)

x| 028 3 -005 010 1.00
: Ty >
Data Matrix Y= (y1,¥2, "+ YUn)
Data x1 %2 23 x4 see xp
subjecto1 | -048 l0ad|| g o082 0.8
subjecto2 | 039 |osd | 10p 121 033
subjecto3 | 0.87 |0.2d|-01F 0.8 044
subjectod | 157 [103 | 12 031 -048
subjectos | -1.15 logd | 121 182 0.16
subjectos | 004 014/ 03 016 -0.0B
subject07 | 2085 |04d |-04p -066 0.38
subjectos | -122 lo7d | 13 150 0.29 )
subjectos | -073 |10d |-07p | -0.02 0.44 Y1, 42
subject10 | -0.58 load|| 01p 058 0.02 G
subjectt1 | -050 lo4d| 0B 105 0.06
subject12 | -0.86 |02 /| 04 046 0.10
subject13 | -0.16 |0.2d|| 01 -028 -0.55
subject14 | -0.36 003 /|-00B -008 025
subject1s | -072 logq|| 05k 104 024 . _
subjectt6 | -0.78 l054| 026 020 048 (Elsen et al. 1998) drs =1 —cypg
subject17 | 060 losd | o4 045 -0.66
subject I | 220 losd | o7b 180 Qs s Other transformations
[ mean | 007 004 044 031 ee+ | 021

» The standard transformation from a similarity matrix C'

Euclidean Distance

V(@1 = 1)? + (22 — y2)? n

)y = | Y (i — yi)?

1=1

. o . . . _ 1/2
to a distance matrix D is given by d,, = (¢ — 20,5 + €56) /=,

(Chatfield and Collins 1980, Section 10.2)
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‘:l:'::_ e ‘:i:'- - =t ! LT
. r ' - : L o e
';.‘. . " i . .
Sa . " . s
F=-1004 r=-0254 r=-0233 r=0.34

dist(x, method = "euclidean', diag = FALSE, upper = FALSE, p = 2)

method: one of "euclidean', "maximum', "manhattan', "canberra', "binary"
or "minkowski" distance measure.
cor(x, y = NULL, use = "everything",

method = c("pearson’, "kendall', '‘spearman'))

http://www.hmwu. idv.tw
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More Similarity Measures (1/4)

Dissimilarity/Similarity Measure for Quantitative Data

Similarity Formula
Pearson correlation s(i, j) = cov( x;, %)
Jvar(x) var(x,) All indices range
Spearman correlation S(i, ) = covi(r,7;) from -1 to +1
(¥, is ranked x,) \{var( r) var(r,)
» o 1 .
Kendall’s Tau s(1, j) = ‘(_;T)Z SIEH [(x:'.t_xz'.t')(xj.t_ xj.t')]
'WELLES
Kendall’s tau oD
Two pairs of observation (z;,y;) and (z;, ;) T = JCiD-EVC+iD-E
—E, —E,

e C: concordant pair: (z; — z;)(y; — ;) > 0
e D: discordant pair: (z; — z;)(y; —yi) <0
e tie:

E,: extra y pair in z's: (z; — ;) =

http://www.hmwu. idv.tw
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More Similarity Measures (2/4)

measures the

relationship

non-monotonic,
fail to detect the
existence of a
relationship

http://www . hmwu

strength of a linear

4
$
!
¢
measure any
(a) positive linear (b) negative linear (c) nonlinear .
correlation correlation relationships IIlOIlf)tOIll(.:
relationship
between two
variables

B

8
-
e o
= !'I__':I a
=
o

pk ¥ qﬁ
{d) no kelationship (e) nonlinear {f) no relationship
relationships with outliers
Data )Tgarmn 'srho Spearmuan's rho Kendall ',s');A
(a) 0.98 0.98 0.87
(b) -0.98 -0.98 -0.87
~— | @ 0.50 0.99 0.98
e -0.02 -0.03 -0.02
(e) -0.06 -0.02 -0.02 |
(f) 0.68 0.00 0.00 /

_idv.tw

/ more robust
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Er
o‘\

/T 4 %‘5 u u ]
’f,, - More Similarity Measures (3/4

%. W

Pearson’s rho measures the strength of a linear relationship [(a), (b)].

s Spearman’s rho and Kendall's tau measure any monotonic relationship
between two variables [(a), (b) ,(c)].

= If the relationship between the two variables is non-monotonic, all three
correlation coefficients fail to detect the existence of a relationship [(e)].

s Both Spearman’s rho and Kendall’s tau are rank-based non-parametric
measures of association between variable X and Y.

s The rank-based correlation coefficients are more robust against outliers.

= Algorithm they use different logic for computing the correlation
coefficient, they seldom lead to markedly different conclusions (Siegel
and Castellan, 1988).

http://www.hmwu. idv.tw
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More Similarity Measures (4/4)

Pearson Correlation Calculate the mean of all elements in vector 4. Then subtract that
value from each element in a. Call the resulting vector A. Do the
same for b to make a vector B.

Result= A.B/(|A||B|)

Distance Distance is not a correlation at all, but a measurement of
dissimilarity. Distance is the measurement of Euclidian distance
between the expression profile for gene A (defined by its expression
values for each point in N-dimensional space, where N is the number
of conditions with data in your experiment) and the expression profile
for gene B.

Result = |a-b| divided by the square root of the number of conditions
with data

Spearman Correlation Order all the elements of vector a. Use this order to assign a rank to
each element of a. Make a new vector a' where the i element in a'
is the rank of a; in a. Now make a vector A from a' in the same way
as A was made from a in the Pearson Correlation. Similarly, make a
vector B from b.

Result= A.B/(|A|B|)

http://www.hmwu. idv.tw
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K-Means Clustering (113)

s K-meansis a partition methods for clustering.
m Data are classified into k groups as specified by the user.
= Two different clusters cannot have any objects in common, and
the k groups together constitute the full data set.
The K-Means Algorithm centroid (mean)
Qoon
1. The data points are randomly assigned to one of
the K clusters. o ® ¢
- . . « * .« *e o %
2. The position of the K centroids are determined . c . 0
(initial group centroids). . =l . = ¢
L g L g
3. For each data point: . * * ® oo .’. o
e Calculate the distance from the data point to v+ * . : ¢ o
each cluster. ¢ e
oo
e Assign data point to the cluster that has the o e @ ¢ F @
closest centroid. o o
. . ¢ o o 2% %7 e
4. Repeat the above step until the centroids no longer ¢ o o ® ®
© a -
move. o
The choice of initial partition can greatly affect the final ¢ & o o ° o
clusters that result.
Converged

http://www.hmwu. idv.tw
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K-Means Clustering (213

m The best reference vectors are those that minimize the total
reconstruction error.
m Distanvatge:

= alocal search.
= Final m;highly depend on the initial m;

(1) initialize
Initialize m;,i = 1,....k, for example, to k& random =!

Repeat
For all @t e X
L if & — my|| = min; ||z — m||

0 otherwise

(2) minimize bt — {

LY

For all m;.,:=1,.

(3) estimate R wt / Zt

(4) stabilize

Until m; converge

http://www.hmwu. idv.tw
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K-Means Clustering (313

m When X, 1s represented by m;, there 1s an error that 1s
proportional to the distance.

= Find k reference vectors m; (prototypes/codebook
vectors/codewords) which best represent data.
m K-means clustering a special case of the EM algorithm.

Use nearest (most similar) reference: .
K-means for clustering

Ix' — m;|| = min|/x* —m;|| => find groups in the data
' ‘ => groups are represented by

. their centers.
Reconstruction error

E(dm 35 1X) = > > bHixt — m;|?
[ ]

1 if |x' — m;|| = min; || x" — m;||
0 otherwise

http://www.hmwu. idv.tw




}la K-Means' Results Shown 25/122

“O on the DR Space

kmeans(x, centers, iter.max = 10, nstart = 1, PCA for Cell Cycle Data
algorithm = c("Hartigan-Wong'", "Lloyd", "Forgy",
"MacQueen'), trace=FALSE) © “o, . @y
## S3 method for class "kmeans” Nt O ¢ © oo
fitted(object, method = c('centers’, "classes'), ...) m.g8
N o e, o o
§ - ¢ o ooo &
no.group <- 5 R
no.iter <- 20 o o, Ooﬁ L
cell _matrix <- read.table('YeastCellCycle_alpha.txt", T | ?O O? ) ‘
header=TRUE, row.names=1) -2 0 2 4
n <- dim(cell_matrix)[1] PCA-1

p <- dim(cell_matrix)[2]-1

cell.data <- cell -matrix[, 2:p+1] PCA for Cell Cycle Data with K-means Result

gene.phase <- cell._matrix|[,1] o °o s,
phase <- unique(gene.phase) N P o "o
phase.name <- c(''G1', 'S, "S/G2'", "G2/M, "M/G1™) T.88 * . o ¢
S. i7 (§@>oo @ OO®

cell _kmeans <- kmeans(cell.sdata, no.group, no.iter) % OO o
plot(cell._sdata[,1:4], col = cell._kmeans$cluster) 7 ® o og o

b | T T T
pca.dim <- princomp(cell.sdata)$scores -2 0 2 4
plot(pca.dim[,1], pca.dim[,2], main="PCA for Cell Cycle Data", PCAA

xlab=""PCA-1", ylab="PCA-2", col=gene.phase)
plot(pca.dim[,1], pca.dim[,2], main="PCA for Cell Cycle Data with K-means Result",

>
>
>
+
>
>
>
>
>
>
> cell.sdata <- t(scale(t(cell.data)))
>
>
>
>
>
>
+
>
xlab="PCA-1", ylab="PCA-2", col=cell._kmeans$cluster)

http://www.hmwu. idv.tw



Example Violent Crime Rates by USs/122

State

m This data set contains statistics, USArrests data
in arrests per 100,000 residents 010 20 0 304D
for assault, murder, and rape in wosd | Sl o || e,
. © o W s ooo @ -99%;__00'_ =
each of the 50 US states in 1973. Murder / D NI R
Also given 1s the percent of the - =
population living in urban areas. I jo,y SIS R 00005,6
2] s Assault L S B PR
—_ _M o . [ s #
B (<] o @ 8 o ° g
m A data frame with 50 AT e e T F
. . g 87> o < g @ o0 o % o ol
observations on 4 variables. 0B o | oo 5y % o S ®S I R
ﬁ;&& 06}%20080 UrbanPOp %Oo% : o
o ¢ 0%, o of o cw < ° R
= [,1] Murder arrests (per 100,000) 1 o ° R
o a2 L] L] -]
o« P o oo% B,
m [,2] Assault arrests (per 100,000) 4 g | bLdae MB"“ Rape
. o o 2% o o 09 I
m [,3] Percent urban population o AR
5 o 15 30 50 70 o0
m [,4] Rape arrests (per 100,000)
data(USArrests)
pairs(USArrests, panel = panel.smooth, main = "USArrests data')
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P : 27/122
"' R: kmeans
S‘ =1
‘%
no.group <- 5
no.iter <- 20 USArrests data
USArrests.kmeans <- kmeanS(USArreStS, no.group, nO-iter) 50 150 250 10 20 30 40
plot(USArrests, col = USArrests.kmeans$cluster, R IR T
main = "K-means: USArrests data') Murder || oo 50| | T | e
## PCA B s | w5 | 5 a0 0
USArrests.pca <- princomp(USArrests, cor=TRUE, scores=TRUE) &1 =7 Assallt || hele [ g n
pca.diml <- USArrests.pca$scores[,1] %‘%°o : —— -
pca.dim2 <- USArrests._pcas$scores[,2] AR NS S e T
plot(pca.diml, pca.dim2, main="PCA for USArrests Data 850 o e e, | |UrbanPop) ot S |
with K-means", xlab="PCA-1", ylab="PCA-2", — - - - o
col=USArrests.kmeans$cluster) I I N o
Bl 0 %ge :f""cé’f ) 3¢ e Rape
R N DA TS A
## MDS EI WID 1I5 30 ‘ E‘D ‘ 7ID I B‘D
USArrests.mds<- cmdscale(dist(USArrests))
mds.diml <- USArrests.mds[,1]
mds.dim2 <- USArrests.mds[,2]
plot(nds.diml, mds.dim2, xlab="MDS-1", ylab=""MDS-2", main="MDS for USArrests Data with
K-means', col = USArrests.kmeans$cluster)

PCA for USArrests Data with K-means MDS for USArrests Data with K-means
o |«
a2
o
@
=y
7 2 8
o - - = L= "
@ @
= | a
- % 8.-.\
B
L) o
T T T T T T T T T T T
-3 2 1 ] Bl 2 3 150 100 -50 0 50 100
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FHEe

K — i}

_ NN 712 g ‘é,

ﬂgségé%%

m Data

Baseline: Culture Medium (CM-00h)
OH-04h, OH-12h, OH-24h

CA-04h, CA-24h

SO-04h, SO-24h

= Asetof 359 genes was selected for
clustering.

.

=

BMC Genomics 2008, 9:479 http:/fwww.biomedcentral. com/1471-2164/9/479

DMSQ-04h
DMSO-24h

BUOH-24h
CA-04h
CA-24h

BUOH-04h
BuOH-12h

K-means Clustering

Log ratio (M)

-3 0 3

| 59 | 27

B 4

o
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kvec PR N - C c c C

S2d3333 2=z

J. A. Statist. Soc. B (2001) zZZS3529 E333329
“3 L

63, Part 2, pp. 411-423 S & 2 2EE 23232 ==

1.7
|
4]
[
-
fo,
o
|

Estimating the number of clusters in
a data set via the gap statistic .

Robert Tibshirani Guenther Walther and Trevor Hastie Comparative analysis of differential gene expression patterns in immature dendritic cells treated with [BF/

S+L/Ep] and specific phytocompounds by K-means clustering analyses. Analysis of test iDC samples (including vehi-
. . cle control [+DMSO only]) involved comparing the treatment values with untreated values (i.e., zero hour-treated). The left
Stanford UHI'.-’C!SIG-’, USA panel shows the heat map of the resulting clustered gene expression. The number of genes involved and the mean profile for

each cluster is in the right panel. The mean profile was superimposed with error bars showing % | standard error of the mean.
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Initialization of K-means

1. Randomly select k instances from X. X z=Xa
2. mean{X} + (small random vector), min

3. z=Xa (PCA).

4. (1) ordering the distances of data points by

sample means, m

(2) {1+n(G;-1)/K}-th point is selected to be the :

initial cluster centroid. Ly
Leader Cluster Algorithm X d to X.
m Incremental: an instance far away from existing m; min m,

=>new center at that point

m A center covers a large number of instance

=> split into two centers m;
m A center cover too few instance
=> removed m
max k

http://www.hmwu. idv.tw
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Properties of K-Means

s K-means is by far the most popular algorithm due to its interpretability,
easy construction, and appealing computing speed.

= |t aims at minimizing the within-cluster variability, given a pre-specified
number of data groups

s  The use of Euclidean distances at Step 1 implies that the performance
of the algorithm is optimal when clusters have approximately spherical
shapes and similar sizes.

(a) Generated synthetic data (b) K-means (a) Generated synthetic data (b) K-means

http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0162259
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More examples

sV 2o = .
FALTIE . . .
- 5 . :'...:. " oa - ®
" - L .,‘.j“’ -.’: .w..
: ) A T
e Lo Lol o
x e .t .4; -’_r‘z ""b,-_ .
p .o .. e A ol ..
g S5 SO
e L g, e X doy
= -:vf.:.?a - z - X .
o B, ‘ - ‘.
X

helust assignments K-means assignments

single-linkage K-means

hierarchical clustering (polar coordinates) sizes: 20, 100, 500

K-means

http://varianceexplained.org/r/kmeans-free-lunch/

Assumptions are where your power comes from!
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’f' Competitive Learning

= Onllne learning:
= Don’ thave the whole sample at hand during training.

m Receive instances one by one and update model parameters
as we get them.

s Competitive learning:
m Groups compete among themselves.

s Winner-take-all: one group wins and gets updated, and the
others are not updated at all.

s Advantage:
= Do not need extra memory to store the whole training set.
m Updates at each step are simple to implement.

= Model adapts itself to changes of the input distribution
automatically.

http://www.hmwu. idv.tw



337122

Online K-Means

m Batch a |gOI’Ith M: all m s j=1,...k, compete and m; wins the competition.
m  The calculation of b and update of m are iterated until convergence.

Reconstruction error
L 1 Tt
E(fmitk 1x) = £ 3 3 blIx' — m;|> 2 i Ui®
L] m; =
. . t
b 1 if [[x' — m;|| = min; ||x" — m;]|| PN
! 0 otherwise

B Online algorithm: stochastic gradient descent, considering the instances
one by one, and doing a small update at each step, not forgetting the effect of
the previous updates.

Reconstruction error for a single instance
§ 1
E ({m;—}i’zllxr) = % Zb%llx‘ — mez Update Rule for each instance X!
| JE!
[l
1 T s 2| | AMij = N — = nb; (x; — mjj)
X Z Z b; (x; — mj;) iJ
i

http://www.hmwu. idv.tw
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Online K-Means

s  Gradient Descent Method: an algorithm for finding the nearest local minimum of a
function which presupposes that the gradient of the function can be computed. Starts at a
point P, and, as many times as needed, moves from P;to P, , by minimizing along the line
extending from P, in the direction of - 7f(P,), the local downhill gradient.

m  When applied to a 1-dimensional function f{x) , the method takes the form of iterating
X, =Xpg -0 f(xy)

from a starting point x0 for some small 1 >0 until a fixed point is reached. 70 o =2
1.8
Reconstruction error for a single instance L
1.2 i
t \ L 1 R 4 .
/s ({mi}?=1|xr) - 2 ZMHXI —mi|* 0.8l R AT 12
i
Update Rule for each instance x]'r
d
2 OE!
1 [(yl
= 2 2 2 bi(x§-my) Amyy = —i=— = nbj(x; — muy)
i==] i
Initialize m;,i =1,....k, for example, to k random = | B This moves the closest
Repeat center (b,=1) toward the
For all ' € X in random order input by a factor given n.
i — arg min; ||x* — m;|| B The other centers have
m; — m; +n(x’ —m;) their (bIZO) equal to 0 and
Until m,; converge are not updated.
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Handling categorical data: 357122

k-modes (Huang 1997)

k-modes is a variation of the K-Means Method
= Replacing means of clusters with modes.

= Using new dissimilarity measures to deal with categorical objects.
The simple-matching distance is used to determine the dissimilarity of two objects. It is
computed by counting the number of mismatches in all variables.

= Using a frequency-based method to update modes of clusters.
A mixture of categorical and numerical data: k-prototype method.

data(Arthrit

str(Arthriti
"data.frame”:
$ ID
$ Treatment:
$ Sex
$ Age
$ Improved :
> head(Arthrit

57 Treated
46 Treated
77 Treated
17 Treated
36 Treated
23 Treated

OO0, WNE

1s)
s)

84 obs. of 5 variables:

- Iint 57 46 77 17 36 23 75 39
Factor w/ 2 levels "Placebo","Treated":
: Factor w/ 2 levels "Female™,""Male'": 2 2
:int 27 29 30 32 46 58 59 59
Ord.factor w/ 3

1s)

Male
Male
Male
Male
Male
Male

27
29
30
32
46
58

|
> # install.packages('vcd™)
> library(vcd) # Visualizing Categorical Data
> ?Arthritis # f§s7¢Treatment Data

>

>

ID Treatment Sex Age Improved

Some
None
None
Marked
Marked
Marked

levels "None'"'<"Some''<..: 2113331311 ...

33 55 ...

2222222222 ...
22222222 ...
63 63 ...

Huang, Z. (1997) A Fast Clustering Algorithm to Cluster Very Large Categorical
Data Sets in Data Mining. in KDD: Techniques and Applications (H. Lu, H. Motoda
and H. Luu, Eds.), pp. 21-34, World Scientific, Singapore.
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kmodes {klaR}

> # i1nstall.packages('klaR™)

> library(klaR) # Classification and visualization
> res <- kmodes(Arthritis[,c(2,3,5)], modes=3)
>
K

res > table(Arthritis|[,c(2,3,5)])
-modes clustering with 3 clusters of sizes 31, 27, 26 . » Improved = None
Cluster modes: Sex
Treatment Sex Improved Treatment Female Male
1 Treated Male None Placebo 19 10
2 Treated Female Marked Treated 6 7
3 Placebo Female None

., » Improved = Some
Clustering vector:

1 2 3 4 5 6 7 8 910 11 12 13 14 15 16 17 18 19 20 2] Sex

11 1 11 1 1 1 1 1 1 1 1 1 1 1 2 1 2 1 4 Treatment Female Male
24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 Placebo 7 0
2 2 2 2 1 2 2 2 2 2 2 2 2 2 2 12 2 1 1 1 Treated S 2
47 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62 63 64 65 66 61

11 1 1 1 1 3 3 3 3 3 2 3 3 3 3 3 3 3 3 3, -, Improved = Marked
70 71 72 73 74 75 76 77 78 79 80 81 82 83 84

2 3 3 3 3 2 3 3 3 2 3 3 3 32 Sex

Treatment Female Male

Within cluster simple-matching distance by cluster: Placebo 6 1
[1] 25 11 7 Treated 16 5

Available components:
[1] "cluster™ "size" ""modes" "withindiff" "iterations”
[6] "weighted”

http://www.hmwu. idv.tw
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K-medoid

= A medoid (P/0\&5) can be defined as the object of a cluster
whose average dissimilarity to all the objects in the cluster is
minimal. i.e. it is a most centrally located point in the cluster.

m K-medoid is more robust to noise and outliers as compared to k-
means because it

instead of a sum of squared Euclidean distances.

s PAM uses a greedy search which may not find the optimum
solution, but it is faster than exhaustive search.
= |nitialize: select k of the ndata points as the medoids
= Associate each data point to the closest medoid.
s While the cost (sum of distances of points to their medoid) of the
configuration decreases:

m For each medoid m, for each non-medoid data point o
= Swap mand o, recompute the cost.

m [f the total cost of the configuration increased in the previous step, undo the
swap

http://www.hmwu. idv.tw
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pam {cluster} 38/122

é“ll% Partitioning Around Medoids

U (Klaut;m(an (andll[{?g]sEe%gw, 1990
Sage clusp ot pamix = iris|, 1:4], K=
pam(x, k, diss = inherits(x, "dist'), metric = "euclidean", .
medoids = NULL, stand = FALSE, cluster.only = FALSE, 0 [
do.swap = TRUE, N fomA A
keep.diss = !diss && !cluster.only && n < 100, - g 2 AAA
keep.data = !diss && !cluster.only, o o So s, +
£ s A FavaY Ag
pamonce = FALSE, trace.lev = 0) § °© - z%o/////’ S éﬁlﬁ% Lo
£ % og® @WﬂZ -5-43L -
8 _ (<2t - —+ +
> iris.pam <- pam(iris[,1:4], k=3) @io s
> iris.pam Rl "
Medoids: . o+
ID Sepal.Length Sepal .Width Petal.Length Petal .Width ? i i i i i
[1.1 8 5.0 3.4 1.5 0.2 -3 -2 -1 0 1 2 3
[2,] 79 6.0 2.9 4.5 1.5 Co_mponent1 ) o
[3 , ] 113 6 i 8 3 i O 5 i 5 2 i 1 These two components explain 95.81 % of the point variability.
Clusteri ng vector: Silhouette plot of pam(x = iris[, 1:4], k = 3)
[1J]111111111111111111111111111211 "™ NN
[149] 3 2 1: 50 | 0.80
Objective function:
build swap
0.6709391 0.6542077
2. 62| 042
Available components:
[1] "medoids™ "1d.med" "clustering” "objective™ "isola
[6] "clusinfo™ "silinfo” "diss™ “call™ "data" 3: 38 | 045
> plot(iris.pam)
[ T T T T 1
0.0 0.2 04 0.6 08 1.0
> clusplot(iaris[, 1:4], iris.pam) Silhouette width s,

Average silhouette width : 0.55




clara {cluster} 39/122

Clustering Large Applications

= Split randomly the data sets in multiple subsets with fixed size (sampsize)
m  Compute PAM algorithm on each subset and choose the corresponding k medoids.
m Assign each observation of the entire data set to the closest medoid.

m Calculate the mean of the dissimilarities of the observations to their closest medoid.
(This is used as a measure of the goodness of the clustering.)

m Retain the sub-dataset for which the mean is minimal.

Usage
clara(x, k, metric = "euclidean", stand = FALSE, samples = 5,
sampsize = min(n, 40 + 2 * k), trace = 0, medoids.x = TRUE,
keep.data = medoids.x, rngR = FALSE, pamLike = FALSE, correct.d = TRUE)

> require(ggplot2)

> data(diamonds)

> dim(diamonds) Table

[1] 53940 10

> head(diamonds) i Width

# A tibble: 6 x 10 ' A N
carat cut color clarity depth table price X Yy z
<dbl> <ord> <ord> <ord> <dbl> <dbl> <int> <dbl> <dbl> <dbl>

1 0.23 Ideal E SI12 61.5 55 326 3.95 3.98 2.43

2 0.21 Premium E SI1 59.8 61 326 3.89 3.84 2.31 Depth

3 0.23 Good E VS1 56.9 65 327 4.05 4.07 2.31

4 0.29 Premium I VS2 62.4 58 334 4.20 4.23 2.63 | NI

5 0.31 Good J SI12 63.3 58 335 4.34 4.35 2.75

6 0.24 Very Good J VWS2 62.8 57 336 3.94 3.96 2.48
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clara {cluster}
Clustering Large Applications

[1] "'sample™
[6] "clusinfo™

> system.time(
+ clara.res <- clara(diamonds[, -(2:4)], k=10, stand=T, samples=500, pamLike=TRUE))

Clustering vector:

Cluster sizes:

Best sample:
[1] 1052 1556 1866 3298 3359 3811 3917 4379 4531 6145 6412

Available components:

-(2:4)], k = 10, stand = T, samples = 500,

user system elapsed
3.17 0.01 3.20
> clara.res
Call: clara(x = dramondsl[,
TRUE)
Medoids:
carat depth table price X
[1,] 0.38 61.7 56 1087 4.63
[2,] 0.33 61.9 59 579 4.40
[3,] 0.53 59.8 60 2542 5.28
[7,] 1.01 60.1 60 5902 6.46
[8,] 1.09 61.9 56 4784 6.61
[9,] 1.51 62.6 56 9234 7.32
[10,] 2.12 62.3 58 12693 8.25
Objective function: 1.410032

y

4._66

o b

o~NOO

.46
.35

.51
.64
.27
.16

z

2.86

w N

abr~rbhw

.74
.18

-90
.10
.57
.12

int [1:53940] 1 23222212311212211...
10935 5368 4108 6187 6099 5164 4237 5800 3158

"medoids"

"diss"

"i.med"

"call"

[49] 43265 43851 44593 45306 45472 46776 47279 48835 50549 52598 53314

"clustering” "objective”
"silinfo™ "data"

2884

7057

53607

http://www.hmwu. idv.tw
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Fuzzy C-Means Clustering  41/122

Bezdek, 1981

Minimization of the objective function

m: Tuzziness index

(often m=2)
n K /
T =2 ik I xi—cpl

1=1 k=1
fuzzy centroids (center vectors)
>
Uik * Xi
U= |uir] fuzzy partition matrix Cp = 1=1 T

T
. D Wik
membership degree of x; to ¢; i=1

http://www.hmwu. idv.tw
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Algorithm of FCM

1. Initialize U = [u;;,] matrix, U® ¢ = 0.

2. At step t, Compute fuzzy centroids (center vectors) C® = [¢;] with U®)

mn
Zu’.{k'xi
1=1
Cr = n :k:]-:"'aK
ZE: Uik
1=1

3. Compute the degree of membership of all data points for all clusters to update the

partition matrix, i.e. obtain U1 as follows:

http://www.hmwu. idv.tw
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Several Soft Clustering Algorithms in R

m Fuzzy c-means: cmeans {el071}

m  Fuzzy Analysis Clustering (Kaufman and Rousseeuw, 1990) : fanny {cluster}

mn

>t | xi = [%)/(2 ) i)

k=1

m  Fuzzy c-shell clustering (Dave, 1996): cshell {el071}

n K
the dat Int
Jic =0yl xi = vie | =)’ ¢ data poin

x; to a circle (v,r).
i=1 k=1

m  Model-based clustering (Fraley and Raftery, 2002) : mclust {Mclust}

m  Consensus clustering: cl_bag {clue}

http://www.hmwu. idv.tw



Pl cmeans {el0/1}

- I“ Fuzzy C-Means Clusterinc

Usage

cmeans (X, centers, i1ter.max=100,verbose=FALSE,
dist="euclidean"
method=""cmeans', m=2, rate.par = NULL)

Arguments | O
centers: #clusters or initial values for cluster centers , .

dist: "euclidean'/"manhattan"
method: "‘cmeans'/"'ufcl' (on-line update)

3 0.98

. 8 4 0.5 5
5 . 5 5 0.76 5
> library(el071) 6 . 4 6 06 s

> @ris.fc <- cmeans(iris[,1:4], centers=3)

> names(iris.fc) 7 : 7 0.86 ’
[1] "centers"™ ‘'size" 'cluster” "membership™ "iter" , ,
[6] "withinerror™ "call” 8 . ' 8 0.62

> library(corrplot) # A visualization of a correlation matrix 1 A
> id <- c(1:3, 51:53, 101:103) 9 . g 0.96

> corrplot(iris.fc$membership[id,], is.corr = FALSE) o °
> corrplot(iris.fc$membership[id,], method = "number™, is.corr = FALSE)

> dris.fc$cluster

[1] 33333333333333333333333333333333

[129) 2222 212222122212221221
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|«.» QT (Quality Threshold) Clustering

%, Clustering ['__| ['E| rz|
EH Gene Lists

S smplied Eone i Choose Gene List==  |1-Way ANOVA (592 genes)

gl allgenes |P: 24 HOUR COMPOUND STUDY... AddiRemove...

—E Genes differentia

k-means | Gene Tree| Condition Tree | Sel-Organizing Map @T Clustering |
—E Genes with statis

_m reliable genes Minimurm Cluster Size: 10
=3 Experiments o _
é‘_ P 24 HOUR CON Minirmurm Carrelation: 0.98
Default Interpr Similarity Measure: |Standard Correlation |
G Al Samples Diefaults

Computation Preferences
f+ Compute locally " Compute on a GeMet RemoteServer

Progress: |

Local run time estimate: A few minutes

start | close | Help |

= Minimum Cluster Size: Minimum number of genes that you would like to
have in each cluster.

= Minimum Correlation: Minimum correlation that genes within each cluster
must have to one another.

= The diameter is the equivalent of 1 minus the minimum correlation.
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Algorithm of QT Clustering

gene 1

gene j

gene g

similarity >t

size < 10

similarity >t

\4

size = 10

QT
Cluster 1

similarity >t

size > 10

et ||
]

similarity >t

max{ clusters (size > 10) }

QT
Cluster 2

unclassified

http://www.hmwu. idv.tw
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Interpreting the Results

o QT Clusters are displayed according to the cluster size, from the largest to the
smallest.

m  All sets will have at least the user-defined minimum cluster size and the
minimum correlation (diameter).

m Forexample, all 147 genes in Set 1 below are at least 0.98 correlated to each
other.

=  Genes that did not meet the minimum quality are grouped under the
“unclassified” category.

a.0 5.0
3.0 3.0
11 e ety | e e

T T T T T T T T T T T T T T T
o110 20 50 FO 100 120 140 160 o110 20 50 FO 100 120 140 14

Set1:147 genes, 147 in list Set 2: 80 genes, 50 in list

5.0 5.0

3.0 3.0
11 e —— i 10 M-uﬂ—_

T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
o110 30 50 7¥O 100 120 140 160 o110 30 50 70O 100 120 140 14

Set 3 28 genes, 28 in list Setd: 28 genes, 28in list

q.0 a.0 o
3.0 3.0 e
1.0 1.09 & e

010 30 &0 70 100 120 140 160 e

Sets: 27 genes, 27 in list nclassified: 6,900 genes, 6,900 in list

http://www.hmwu. idv.tw
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QT Clustering: Advantages

Advantages

m  Quality Guarantee

= Number of clusters is not specified a priori
= All possible clusters are considered

Disadvantages
m  Computationally Intensive/Time Consuming

Main differences between QT clustering and K-means clustering?

K-means | QT clustering | Consequence

Need to specify Yes No K-means: if users specify too few clusters, genes that

cluster number? are not similar will be forced to group together.

Very No Yes QT clustering: may be too computationally intensive,

computationally depending on available RAM and number of genes in

intensive? starting gene list, for some deskiop computer.

Every gene must | Yes No K-means: every gene on the selected gene list must

be clustered? belong to a cluster. This could potentially group
genes that are not very similar into the same cluster.
QT clustering: only cluster with user-specified quality
will be formed.

http://www.hmwu. idv.tw



Hierarchical Clustering and Dendrogram 49/122

(Agglomerative Nesting, AGNES)

Single-linkage
Example: Average-Linkage Dir,) = min {dis(ers 7))}
distance matrix Cluster r
a | b|lc|d]|e a ———
a | 0|26 [10]9 b —— Cluster s
b 0| 5|9 |8 ¢
C 0|45 d } Complete-linkage
d 0 g ¢ levels D(r, s) = maz; j{dis(x,, z,;)}
e . . . . .
* 0.0 2.0 3.0 4.5 7.83 Cluster
Cluster s
{a,b}| ¢ d € 1 . .
{a,b} 0 |[55] 9.3 | 85 D({a,b}, {c}) = 5[ (a,c) + Db, c)]
< L l S 1 o Average-linkage
d 0 3 a(h +5) =255 UPGMA 1 iiff“ 2oy 23y)
e 0 B (Unweighted s
I Pair-Groups
D{{a,b}, {d,e}) Method
{faby] ¢ |{de} 1 Average)
{a,b}| 0 52 | B j:[D(u d)+Da,e)+D(b,d)+D (b, €)|
c 0 4.5 1
id; o} L 1(1{}+£}+Q~+~8) Centroid -linkage
* D(r, s) = dis(C, .Cy)
{a,b} |{c.d e} cl
{a, b} 0 7.83 uster r
e, d.e} 0 (Kaufman and Rousseeuw, 1990) Cluster s
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O
N
[ S .

/}' "' Ward's Method

step Possible Partitions £SS
m  The Ward’s method Toy Data 11az) 5 4 > ?
forms clusters by {12} = [ (10 + 20)/2, (5 + 20)/2 ]
maximizing within- e = [ 15,12.5]
C|USteI’S homogeneity. 2| 200 20 ESS = wss{12} +wss{3} + wss{4} 4+ wss{5}
3| 30 10 — -
al 30 15 = ss(1,{12}) 4 ss(2,{12})
. . . _ . 2 . 2 . 2 . 2
= The Wlthln—group (|.e., 5 5 10 = (10 — 15)" + (5 — 12.5)° 4+ (20 — 15)° 4+ (2 — 12.H)
S 162.5
Wlthm'Cl_USter) sum of step  Possible Partitions  ESS
squares is used as the Tas s 4 & lees
measure of (13) 2 4 5 |2125
: (14) 2 3 5 |250.0
homogene|ty- (15) 2 3 4 25.0
(23) 1 4 5 [100.0 800
(24) 1 3 5 62.5
ey - 700 step 4| 650.0
s  The within-cluster sums E§i§ O L £
of squares that is @5) 1 2z 4 |[3125 600
inimized is also k (45) 1 2 3 3250 c00
minimized is also known &G a5 s
as the error sums of gg E;g; 2 RASM Rt
squares (ESS). {(134) 2 & 316.7 300
(z34) 1 5 116.7
(345) 1 4 433.3 200 step 3| 141.7
3| (234) (15) 141.7%
. {(125) (34 245.9 100 step 2|37.5
Example: (1345) 2 568.8 step 7]12. JD|——| step 0
Charles H. Romesburg (1984) a1 (7z345) 650.0 0

w I 3 4 2 1 5 .
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Display of Genome-Wide Expression Patterns

w

Proc. Natl. Acad. Sci. USA
Vol. 95, pp. 14863-14868, December 1998
Genetics

Cluster analysis and display of genome-wide expression patterns

MicHAEL B. Eisen®, PauL T. SPELLMAN®, PATRICK O. BROWNT, AND DavID BOTSTEIN® £

Software:
Fig. 1. Clustered display of data from time course of serum Cluster and TreeView
stimulation of primary human fibroblasts. Experimental details are
described elsewhere (11). Briefly, foreskin fibroblasts were grown in FiG. 3. To demonstrate the biological origins

culture and were deprived of serum for 48 hr. Serum was added back
and samples taken at time 0, 15 min, 30 min, 1 hr, 2 hr, 3 hr, 4 hr, §
hr, 12 hr, 16 hr, 20 hr, 24 hr. The final datapoint was from a separate
a unsynchronized sample. Data were measured by using a cDNA
microarray with elements representing approximately 8,600 distinct

of patterns seen in Figs. 1 and 2, data from
Fig. 1 were clustered by using methods
described here before and after random
permutation within rows (random 1),
within columns (random 2), and

. . both (random 3).
human genes. All measurements are relative to time 0. Genes were ( )

selected for this analysis if their expression level deviated from time 0
by at least a factor of 3.0 in at least 2 time points. The dendrogram and start - clustered - random! - random2 - random3

colored image were produced as described in the text; the color scale
ranges from saturated green for log ratios —3.0 and below to saturated
B red for log ratios 3.0 and above. Each gene is represented by a single
row of colored boxes; each time point is represented by a single
column. Five separate clusters are indicated by colored bars and by
identical coloring of the corresponding region of the dendrogram. As
described in detail in ref. 11, the sequence-verified named genes in
these clusters contain multiple genes involved in (A) cholesterol
g biosynthesis, (B) the cell cycle, (C) the immediate—early response, (D)
signaling and angiogenesis, and (£) wound healing and tissue remod-
eling. These clusters also contain named genes not involved in these
processes and numerous uncharacterized genes. A larger version of
this image, with gene names, is available at http://rana.stanford.edu/

clustering/serum.html.

L]
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Minimal Spanning Tree

Single-linkage correspond to minimal The complete graph
spanning tree: on four vertices

m  Consider a weighted, completely connected graph with . .
nodes corresponding to instance and edge between nodes Sixteen Spanning Trees

with weights equal to the distances between the instance.

Spanning trees:
m A spanning tree of a graph is just a subgraph that contains

all the vertices and is a tree. A graph may have many
spanning trees; for instance the complete graph on four

vertices
Minimum spanning trees jz M X >4

m  Now suppose the edges of the graph have weights or

lengths.
m  The weight of a tree is just the sum of weights of its edges. N / M \
m Different trees have different lengths. The problem: how to

find the minimum length spanning tree?

m  Application: the minimum spanning tree can be used to

approximately solve the traveling salesman problem.
m A convenient formal way of defining this problem is to find
the shortest path that visits each point at least once.

http://www.hmwu. idv.tw
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Comparisons

@
Method can be used useful for  different agglomera- avoids avoids invariant
5 5 . for cluster- clustering  dissimi- tion level  chaining reversals to mono-
0 Smge-hnkage. _ _ _ _
ing cases variables larity and  hasa clear or (d) fonic

ClU.StCI'S may be similarity  inter- dilatation transfor-
elongated due tO measures  pretation mafion
complete  yes ves ves yes ves (a) yes yes (e)

the chaining fnge
effeCt. single yes yes yes yes ves (b) ves ves (e)

linkage
average ves yves ves no no yes (ves (f))
. . link
m Complete-linkage: |™==
weighted  ves ves ves yes no ves no

clusters tend to be |,
more compact. linknge

within yes ves yes yes no no 1no
average
linkage

I median ves 1o no no (no) (c) no 10
Linkage

centroid ves 1o no yes no no 1o

'.'. '. + 44 g+ 00 Lirnka,ge .

s uE Ward's ves no no ves no ves 1no

"a" Linkage
(a) chaining occurs (see text), (b) dilatation occurs (see text), (c) tendency to chaining (Gordon 1999:

L ]

67), (d) see text, (¢) invariant to monotonic transformation of dissimilarities resp. similiarities
(Bacher 1996: 146), (f) invanant to linear transformation of dissimilarities resp. similarities

(Bacher 1996: 271)
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Hierarchical Clusterino

> gene.name <- rownames(cell._matrix) See A0S: page 134/172 or CO1: page 31/95
## Hierarchical Clustering on genes

> cell.gene.hc.ave <- hclust(dist(cell.sdata), method="ave')
> plot(cell.gene._hc.ave, hang=-1, cex=0.5, labels=gene.name)
## Hierarchical Clustering on experiments

> cell.exp.hc.ave <- hclust(dist(t(cell.sdata)), method="ave')
> plot(cell.exp.hc.ave, cex=0.8)

Cluster Dendrogram Cluster Dendrogram

16

12

10

Height
alphain —‘
T

alphaid
alphail
Height

alphalll —‘
alphald
alphais

alph=49
alphass

alphad? ——
alphalds —‘

alpha?T

alphadd
alphaild
alpkai
alphats

alphatd

YALOGOC
¥

See also:

agnes {cluster}: Agglomerative Nesting (Hierarchical Clustering)
diana {cluster}: Dlvisive ANAlysis Clustering
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Z’*" "' Heatmap (Hierarchical Clustering + Data Image)

X <- as-matrix(mtcars)

?heatmap

row.color <- rainbow(nrow(x), start=0, end=.3)

col .color <- rainbow(ncol(x), start=0, end=.3)

hv <- heatmap(x, col = cm.colors(256), scale="column',
RowSideColors = row.color, ColSideColors = col.color,
margins=c(5,10),
xlab = "'specification variables", ylab= "Car Models"
main = ""Heatmap(mtcars)(Range Column Condition)')

names(hv)
[]_] "rowlnd" ""collnd'" ""Rowv" ""ColVv" IR R Graphics: Device 2 (ACTIVE) i (=153
p{mtcars){Range Column Condition)
—_— 1
> mtcars . = =
mpg cyl disp hp drat wk gsec vs am gear carb Toyota Corona
Mazda Fx4 21.0 6 160.0 110 3.90 2.620 16.46 0 1 4 4 ™ @%%ﬁ@“
Mazda FX4 Wag 21.0 6 160.0 110 3.90 2.875 17.02 0 1 4 4 || ﬁﬁﬁhm
Datsun 710 22.8 4 108.0 93 3.85 2.320 18.61 1 1 4 1 | | Mere 200
Hornet 4 Drive 21.4 6 258.0 110 3.08 3.215 19.44 1 O 3 1 I Wazda O ag
Hornet Sportabout  18.7 B 360.0 175 3.15 3.440 17.02 0 O 3 2 ?ﬁﬁﬁn m
Valiant 18.1 6 225.0 105 2.76 2.460 20.22 1 O 3 1 %ﬁﬁﬁmm )
puster 360 14.2 8 260.0 245 3.21 2.570 15.84 0 0O 3 4 Honds Civ S
Merc 240D z4.4 4 146.7 62 3.69 2.190 20.00 1 O 4 2 ere 4S0SE 5
Merc 230 2.8 4 140.8 95 3.92 2.150 22.90 1 O 4 2 @?%%ﬁw“‘ ©
Merc 280 19.2 6 167.6 123 3.92 2.440 18.30 1 O 4 4 I ﬁ@ﬁﬁfe
e
| Homet Spariabout,
Lincoln Caontinental
Chrysler Imperial
SE— Maserati Bora
FE L EE T8 g
° it s & 4 £ =
specification variables
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wh 48 Microarray Data

= LuandWu (2010)

= Time course data: every 7 minutes and totally 18 time points.

= Known genes: there are 103 cell cycle-regulated genes by traditional method in
GL, S, S/G2, G2/M, or M/G1. (Remove NA' s:79.)

Time
phase —

log-ratio

I G1(52)

(R T T

M
(Mitosis)

G2 (GAP 2) G2/M M/G1

[EET-E T

G1 (GAP 1)

Mo

GO
Cells that
cease division

S phase
(DNA Synthesis)

3= =3

o —raw

&

D‘

ra
o
@
=]
I

See also: Using R to draw a Heatmap from Microarray Data
http://www2.warwick.ac.uk/fac/sci/moac/people/students/peter cock/r/heatmap/
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"' :R&82: Microarray Data

# i1nstall._packages("fields™)

library(fields)

gbr <- two.colors(start="green', middle="black', end="red")
cell.raw <- read.table("trad_alphalO3.txt", row.names=1, header=T)
cell._data <- t(scale(t(cell.raw[,2:19]), center=T, scale=T))

n <- nrow(cell.data)

p <- ncol(cell.data)

gene.phase <- cell.raw[,1]

range(cell.data)

cell._dataJcell.data > 2.802712] <- 2.802712

cellcycle.color <- c('darkgreen', "blue', "red', 'gray50', '"orange')
rc <- cellcycle.color[gene.phase+1]

cc <- rainbow(ncol(cell.data))

hvl <- heatmap(cell.data[n:1,], col = gbr, Colv=NA, Rowv=NA,

RowSideColors = rc,
ColSideColors = cc, margins = c(5,10),
xlab = "Times"™, ylab = "Genes',main = "Heatmap of Microarray Data')

hv2 <- heatmap(cell.data, col = gbr, Colv=NA, Rowv=NULL,

RowSideColors = rc,
ColSideColors = cc, margins = c(5,10),
xlab = "Times"™, ylab = "Genes',main = "Heatmap of Microarray Data')

dd <- as.dendrogram(hclust(as.dist(l-cor(t(cell.data)))))
hv3 <- heatmap(cell.data, col = gbr, Colv=NA, Rowv=dd,
RowSideColors = rc,
ColSideColors = cc, margins = c(5,10),

scale = "row",
xlab = "Times"™, ylab = "Genes',main = "Heatmap of Microarray Data'")
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wh 48 Microarray Data

Heatmap of Microarray Data

2
[=
S

M
(Mitosis)

G2 (GAP 2) 47
&y M v G1 (GAP 1)

Genes

GO
Cells that
cease division

S phase
(DNA Synthesis)

Heatmap of Microarray Data
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gplots: Heatmap.Z2

= gplots: Various R programming tools for plotting data

install .packages("'gplots™)
library(gplots)

?heatmap.2

library(affy)
data(Spikeln)

pms <- Spikeln@pm

V VVYVYVYV

# just the data, scaled across rows

heatmap.2(pms, col=rev(heat.colors(16)), main="Spikeln@pm",
xlab=""Relative Concentration", ylab="Probeset",
scale=""row")

# fold change vs "12.50" sample

data <- pms / pms[, "12.50"]

data <- i1felse(data>1l, data, -1/data)

heatmap.2(data, breaks=16, col=redgreen, tracecol="blue",
main=""Spikeln@pm Fold Changes\nrelative to 12.50 sample",
xlab=""Relative Concentration", ylab="Probeset')

More Examples
http://www?2.warwick.ac.uk/fac/sci/moac/currentstudents/peter cock/r/heatmap/
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SOMs were developed by Kohonen in the early 1980's,
or|g|nal area was in the area of speech recognition.

m /dea:
Organise data on the basis of similarity by putting entities
geometrically close to each other.

= SOM is unique in the sense that it combines both aspects:

m |t can be used at the same time both to reduce the amount
of data by clustering, and

m to construct a nonlinear projection of the data onto a low-
dimensional display.

http://www.hmwu. idv.tw
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f' Self-Organizing Maps (SOM)

B SOMs were developed by Kohonen in the

Z
—
<,

5 x 3 output node

early 1980's, original area was in the area of Step 0
speech recognition. Initialize weights w; (¢).
B /dea: Organise data on the basis of Set ar(t) and he(t).

similarity by putting entities geometrically
close to each other.

33l

Learning process:

i € N.(t)

b 5 R s

el

2 will) + hei(£) [ x(2) — wilt) ]
w;(t). o.w.
1 i
-1, Data Matrix
Table X01  X02  X03 wse AP
) ] ) obs 001 [ 048 042 087 0.35
® SOM is unique in the sense that ~ [eps002 | 035 058 1.08 -0.58 ; ﬂ/\
. . ohs 003 ngd | 025 017 -0.13
it combines both aspects. It can be  |ehstod | 157 103 122 -1.02
. obs 005 | 115 086 1.21 0.44 X017 »e+ XPp
used at the same time both to obsO0B | 004 012 031 0.08 )
ohs 007 | 295 (045 -0.40 0.76 input node
reduce the amount of data by obsO08 | -122 074 134 0.5
. obs009 [ 073 106 -0.79 0.03 Ine Allv decreas
clustering, and to construct a obsDI0 | 058 040 013 045 ncrementally decrease
: . : bs011 | -050 -042) 066 0.01 the learning rate and
nonlinear projection of the data gh: e R s 2 “—| thenei ghhfrhoo& size
1 : : obs 013 | 016 029 017 -0.04 A LR DA,
onto a low-dimensional display. e s and repeat
ohs N | -1.79 0840 213 -0.66
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Self-Organizing Maps (SOM)

(3)

5x 3 output node

Step (:

Initialize weights w;(1).
Set av(t) and hy(1).

U @)

Learning process:
(5)
i € N.(t)

wi (1) + he ()] x(t) — wi(t) ] H/.\\ k'/'\\ Best Match Unit
N

w;(t), o.w.

Data Matrix

Table X01 X02 X053

Xp

ohs001 | 048 042 0&7
ohs002 | -039 055 108
(1) ohs003 | 087 025 017
ohsO04 | 187 103 122
ohs005 | 115 086 1.21
ohsO05 | 004 012 031
ohs007 | 2595 045 040
ohsOO5 | 122 074 134
ohs009 | 073 106 079
ohs010 | -085 040 013
ohs011 | 080 042 O0FB
ohs012 | -086 029 042
ohs013 | 016 029 017
ohs *++
obs N | 179 0oa 213

.35
-0.55
013
-1.02
.44

008| —

.78
-0.55

0.03
-0.45

0.01
-0.63
-0.04

-0.66
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Algorithm of SOM

Step 0: Initialize weights w; ().
Set topological neighborhood parameters N, (t).

Set learning rate parameters a(t) and hg(t).

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

b. Learning process:

( PN
) Wilt) g () x(t) - wilt) ], i€ Ne(2)
wi(t+1) = i wilt), oW

c¢. 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.
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Macrophage Differentiation in HL-60 cells

Tamayo, P. et al. (1999). Interpreting patterns of gene expression with self-organizing
maps: Methods and application to hematopoietic differentiation.
Proc Natl Acad Sci 96:2907-2912.

HL-60 4 >< ? SOM 567 genes
S i @

Information Sciences

T. Kohonen

Stali-tlrganlﬂng
Mﬂl’s _:_ i)

Third Edition

S| 1995, 1997, 2001
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SOM - Initialization

Step 0: Initialize weights w;(t).
Set topological neighborhood parameters N,(t).

Set learning rate parameters «(t) and h.;(t).

5 x 3 output node

Two examples of topological neighborhood. \/\/ RV N/\»'
o0 0 0 0 0 O © 0 o o o o o ©o o o ©
ol o o o o o o o o oS0 0 0 0D O ‘wWﬂ\/’.ﬁ/}\k“'“J/\rA
ole [ ¢ o o ol o o o o 0/0 o onoenoe o

a le o o o o o o /00 /T N 0N OO ‘%(ﬁ\‘\
2 o lo o oc ol o o o G A0 D {{III'}'CD G oo ‘w/h‘\'“‘)hiu
oo o o o o o o o CANGAND NG BSOS OS0
ool o 6 o o o o o onehNe o ofoeSo o IIIIII
o IRE T+ SR JUNE « S« B« BT o J R & DooNe © 0 00 O &J/‘MK‘ tw/‘hﬁ\
o B o S o SN o S o T B o B O o T o T o T o & w\..\./.__\

.Nc(tl) = ]_ .Nc(t2) = 2: lNc(t;;) = 3, tl < tz < t3 Y*-‘\O—'
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Neighborhood Functions

The winner node's weight is modified such that
~MWIHHER HODE it becomes even more similar to the original
iInput node's vector.

| S T

OO T—Neiohbourheod.— The neighborhood value has a two-fold
character - a size and a function of distance

influence of

neighbourhood to influence. One could even define a
further third character - the shape of the
neighborhood (in this case, a square -

‘\ highlighted in blue).
——*

Distance from winner

The peak of the Gaussian

i, A function would be the location
of the winner node. As one
moves out from that location,
the r value decreases.

11

http://www.ucl.ac.uk/oncology/MicroCore/tutorial.htm
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Neighborhood Functions and
Learning Rate

Different learnine rate functions:
Different neighborhood functions. From the left ’linear’ (solid line) a(t) = ag (1-¢/T), .
'bubble’ hy(t) = 1(o¢ — de;), ‘power’ (dot-dashed) af(t) = ap(0.005/ag) T and
Yinv’ (dashed) a(t) = ap/(1 4+ 100¢/T)  where T

2 2
'gaussian’ he(t) = e %/ ) .. . S .
& ei(t) ’ is the training length and ay is the initial learning rate.

’cutgauss’ hg;(t) = e_ifﬁﬂfl(gt —dg;), and
vep’ hi(t) = max{0,1 — (oy — d.;)*}, where

oy is the neighborhood radius at time ¢,
d.; = ||r. — r;|| is the distance between map units ¢ and ¢ on the map grid

1(z) is the step function: 1(z) = 0ifz < 0 and 1(z) = 1ifz > 0.

The neighborhood radius used is oy = 2.
Saurce from Technical report on SOM Taolbox 2.0 for Matlab.
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"l Possible Parameters used in SOM

1. Grid dimension: 2D, 3D

2. Grid shape: in 2D — Rectangle, Hexagon, ... ¢ 4 X 3 SOM

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

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

. Neighborhood size: radius of N.(1)

o

6. Learning rate function: a(f)

7. Initial weights: random, use input vector

8. Order of input vectors: random, ...

9. Ways of learning: number of iteration,...

http://www.hmwu. idv.tw
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(Ultsch and Siemon 1989, Ultsch 1993)

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

U-matrix representation of the SOM
] ] ] ] ]
L] L L] L] L]
[] D [] D [] b(x,y): matrix of neurons, of size n, x .
w;(x,y): matrix of weights.
u(x,y): U-matrix of size (2n, — 1) x (2n, — 1).
ey e TR s IO o BN (,9) (2mz = 1) > (2my = 1)
L] L] I_Jd le “ )I_J
o) v d.(z,y): |b(z,y) —blx + 1,y)| = \/21—[?1»‘1'(3?:’3}) —w;(x+ 1,y)?
1 O [ [0 [ dy(z,y): bz, y) — b(z,y + D] = /Zi[wi(z,y) —wi(z,y + 1)]?
By dgplon) oy (2, y): %[Ilb{ray}—5%+17y+1}ll + ||5{='-‘,1:+1}\72f{m+17y}||}
e — — — — d,(z,y): the median of the surrounding elements.
L | L] L] | L |
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SOM: iris example

no. | sepal.Length | SepalWWidth  Petal Length | PetalWidth = Species
1 51 35 1.4 02 setosa U-matrix Sepall SepalW
2 49 3.0 1.4 0.2 setosa
3 47 32 13 0.2 setosa ~ 1.4 7.09
4 45 3.1 15 0.z setosa 3.7
5 50 36 1.4 02 setosa 12 6.67
75 B 50 44 14 versicolor oo 1 6.26 :zj
150 5.9 3.0 5.1 1.8 virginica 08 5.84 ;05
0.6 '
. 5.43 284
> 04
PR gy \ 5.02 262
Y e ‘ S 0.2
A -‘5’“ [} ‘ \‘:: ] h d

— p——— YT PetalL PetalW Labels
The sepal length, sepal > 196
width, petal length, and 4.64 168
petal width are measured 3.76 1.2
in centimeters on fifty iris 088 0817
specimens from each of o .
three species, Iris setosa,

. d d
|. versicolor, and I.
virginica_ Fisher (1 936) Source from technical Report on SOM Toolbox 2.0 for Matlab
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library(som)
cell._som <- som(cell.sdata, xdim=5, ydim=4, topol="'rect", neigh="gaussian')
plot(cell._som)

http://www.hmwu. idv.tw
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|° Generalized Association Plots (GAFZf/122

(Chen 2002) 1L @
28 Bt o9 gehieophrenic and Row Do Maps  Suffcen Dt s
[0 SAPS: 30 items, SANS: 20 items R EREER  RoREE
O Six point scale (0-5). fﬁ@:ﬁ%ﬁ
Proximity Matrix for columnss
Correlation
_ — )
r o i -1 0 1
P 0 : 5 ) =

1F b2 LAAERREL o
S (S
Data S il
Matrix ] afem—.

3 R

E!.‘i&t‘ﬁ

b5 s

b g

T

T Sorted Data Maps Partitioned Data Maps
HeFpe EREE  ER I AR
Proximity Matrix for rows B R BRI
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ff'“ Presentation of Raw Data Matrix
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1. Color spectrum ” o ”
. . 100 mlg 5
2. Variable transformation 2 1™ Lfloste)
3. Selection of proximity 5] outlier
21 i
H ” 11
“Resolution .l 'h'l' loglx)
of a 0 2 40 60 80100 0 2 4 6 8 100 1 2 3 4 5
Statistical , , _
(a) Distance ] Distance () logiDistance)
Graph | g o B N el -
0.0 1386 0.0 71 28 49

s outliers < “ outliers
L) () (e
| I EEE . | IR .
0 o0 0 10 o =
Xy Ao lﬂgfrl}lgg{rz}
Categories =
-— outlier — cutlier —= =
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i

S| (it
e ot _'_'. g '
; T“’ﬂrﬁzli-'. 1|!'. " -.-. i = ll'l -
|:'_I u |.'E!I!| : _ :
.J ﬁE!-Iw- L3 3 .I- [ i-

B oie m dmlmfe

AT
:r.:—:.; R

H k&l WY TR
' F_lﬂ [ J

T AT

[
= _|-'1-|—
d‘! .I.u.l'
':::I?"- g
i I.:ElEI ?:

4

Correlation

(e
-1 0 1

Scores
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? Seriation Problem for Hierarchical Clustering

é

Tree seriation Tree seriation for proximity matrices
‘ EF . I i ‘ ﬁﬁm | b T m
A ™ _ |-
A BCDE E% CEDB A - - £ >

/ Tree seriation for raw data matrices
ideal many
Different Seriations
Generated from Identical
Tree Structure

model 1 flip 3 flips 5 flips flips
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Internal Tree Flips: Uncle Approach

N ;ﬂ
CDEFG CF_IL FoG

if d(A, §C,D, E}) < d(B, {C,D, E}) then flip

Further reading: Ziv Bar-Joseph, David K. Gifford, and Tommi S. Jaakkola, (2001), Fast Optimal Leaf
Ordering for Hierarchical Clustering. Bioinformatics 17(Suppl. 1):S22-S29.
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"f“ Internal Tree Flips: GrandPa Approach
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£

[

| Breren s
42

L FAN root R L FAN root R /«Ij‘*-\\ FAN root R

N
T
5

o ﬁ@ ﬂ o gl

LRv] ..Elr

Further reading: Ziv Bar-Joseph, David K. Gifford, and Tommi S. Jaakkola, (2001), Fast Optimal Leaf
Ordering for Hierarchical Clustering. Bioinformatics 17(Suppl. 1):S22-S29.
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External Tree Flips

>

)y | [F

A B C"DE F G <

As match as possible

External Ordering D E A F B C G <—

How to build an external ordering?

(1) Based on average expression level (Cluster Software, Eisen et al 1998)
(2) Using the results of a one-dimensional SOM

(3) ...

Further reading: Tien, Y. J., Lee, Y. S, Wu, H. M. and Chen, C. H. (2006) Integration of clustering and
visualization methods for simultaneously identifying coherent local clusters with smooth global patterns in gene
expression profiles. BMC Bioinformatics.
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Dendrogram and Tree Storage

conditions
s
ey
|
ap!
Wi = genes
«
1
=+
1 =
1
1
=t
g
=2 = ® i oo @ =
= E - + 8 el =
B
For example:
Cluster and TreeView, R

http://www.hmwu. idv.tw
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( 1: b 80/122
"' Criteria for a “good” Permutation

When T is symmetric, we usually want T’ to

approximate a Robinson form (Robinson (1951)).

Robinson  pre-Robinson

Global/local Criterion:
Anti-Robinson Measurements

Robinson Form
J k

permuted matrix, D = [d]

Fo

ARG =Y [ 3 Iy <du)+ Y I(dyy > da)].
i=1 j<k<i i<j<k
il
AR(s) =3[ D0 Idij < dig) - iy — |+ 3 I(dij > dig) - |dig — i,
; i=1 j<k<i i<j=<k
]
bl
AR(w) =Y [Z I(dij <di)|j—kl|dij —dix| + 3 I(dt-j>dﬁ:)|j-;;||dij-dm].
i=1 j<k<i i<j<k

T'jjg?',:j‘- ifj(kﬁf‘ rijzrik ifT{?{“‘
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Crlterla for a “good” Permutation

permuted matrix, D = [d;;]

Local criterion: Minimal Span Loss Function

n—I1

MS =) di

i=1

e
RN
HENEEN N
HRNEN (N
HRNE N
RN ENEN
HE (NN
H EaEnnn

Further Reading: Michael Friendly , Ernest Kwan, (2003) Effect
ordering for data displays, Computational Statistics & Data Analysis,
v.43 n.4, p.509-539.
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f., GAP Rank-Two Elliptical Seriation

When the sequence reaches an iteration with rank two the ,oobJects fall on an ellipse and have

unique relative position on the ellipse.

RO =D

WEE2

moLE

HE grniz

WTHY o1 amBEd
u -naz

oF
|

http://www.hmwu. idv.tw

R12) = ple)
[ ] ]
p[.'xzﬁ =1
Correlation
(— 0 )
-1 0 1




837122

Global vs Local Seriation

GAP Elliptical Seriation
An algorithm for identifying global clustering patterns and
smoothing temporal expression profiles

GAP Elliptical Seriation Michael Eisen Tree Seriation

8 i

bl

Image source: Dr. Chen Chun-houh’s slide
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A B C D E F
1 |sz82 LB |Hgch B2 (HERE |HE
2 A01| 69 | 92 | 85 | 45 | 62 I
3 A02| 66 | 90 | 83 | 36 | 90
4 a03| 72 | 92 | 80 | 62 | 70
S A04| 68 | 90 | 80 | 37 | 95
6 A05| 74 | 60 | 86 | 54 | 70
7 A06| 77 | 90 | 88 | 88 | 95
8 A07| 73 | 88 | 77 | 51 | 95
O A08| 61 | 90 | 84 | 40 | 82
10 200| 66 | 88 | 82 | 39 | 80
11 a10] 76 | 75 | 87 | 72 | 80 ..
2 anT s o0 o0 2 T SuUfficient
137212 75 | 90 | 60 | 55 | 70 .
4 as o o s e s Statistic
AEL HIRE NGB HIRE R P ———
7~ 7177 86.54 80.38 53.46 83
20 B 65.67 81.83 7367 53.67 72
[SIEa| 7783 00.67 86.67 53.67 04,17
= Fon | =Rt
T i
i Al

E

e

il

wﬂll!.'l__:.

h

PR
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Generalization and Flexibility

The sediment MV for patients: express
Q3 severity structure.

qz¢ The sediment MV for symptoms: this is a
side-by-side bar-chart and box-plot which
o1 displays the distribution structure
for all symptoms simultaneously.

Image source: Chen etal 2004

Sectional MV for the permuted correlation coefficient map.

Correlation

L _l
-1

p-value < 1 < 0.10 < 0.05 < 0.01 < 0.005 Image source: Chen etal 2004
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http://www.hmwu.idv.tw/GAPSoftware/
MacOS: http://gap.stat.sinica.edu.tw/Software/download.htm
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[ Boer

[

f _ GAP Software .

s o B

We Motk | w| Col [Serage-braage | | (Fap Moss | Updats
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5 2 RAPSSANS OGS0 Callarm |05 S0f

Cala - |[EBpSS Soring

FansD0REE Bxx

| See also:
: : ' R seriation package
(3, 580, Pobrpinica, virginica) | value = 2 T 6, Des 7
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Visualization of Data Matrices

Simple <—— Information Visualization of Data Matrices —» Difficult

Continuous Ordinal Binary Categorical
(Gene/Time) (Patient/Symptom) (Mouse/Tumor) (Subject/SNP)

T R L - =—

4 - - - —

: = L 'j
- T
i P =
- = -
= = _a
mEl-E
= — B
m_ _ :-i‘_
=" T =
BT "_ L
- L -

- .
= 0 1

et e

—— S

1 2 3 4 5 6 7

Image source:
Prof. Chen, Chun-houh’s slide
>8>6 >4  >2 ;1 >2 >4 >6 >8 Longatio
B
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o Choosmg the Number of Clusters (12

?
Are these dxia Getler described Dy 2 or 4 clusters? Source: http://alexhwilliams.info/itsneuronalblog/2015/09/11/clustering1/

o © e®
* o o
e o . . . .
Iy oo (1) K is defined by the application.
L] L]
Calinski and Harabasz (1974): CH(k)
Hartigan (1975): H(k)
@ 0 Krzanowski and Lai (1985): KL(k)
@ ‘ Kaufman and Rousseeuw (1990): s(i)
(3) Hierarchical clustering:

look at the difference between
(2) Plot the data in two PCA dimensions.  [evels in the tree.

T A Dendrogram
eyt 3L
St
Peaz b . L e H
.1.& . :‘ »
0 ‘." L L o . o '!E
.’ | I
-1.0
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"lChoosmg the Number of Clusters (22

7
(4) Plot the reconstruction error or log likelihood as a function of k, and

look for the elbow.
(e.g., k-means: within-cluster sum of squares)

reconstruction —_—
SITOr > kmeans(lrls[,_1:4]: 3) ]
' K-means clustering with 3 clusters of sizes 62,
50, 38
Within cluster sum of squares by cluster:
[1] 39.82097 15.15100 23.87947
(between_SS / total _SS = 88.4 %)
1 234 56 7 8 9 k
Scree Plot

http://www.hmwu. idv.tw
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'hap Statistic for Estimating the Number of Clusters

W ithin-Cluster J. A. Statist. Soc. B (2001)

Sum of Squares 63, Part 2, pp. 411-423
Estimating the number of clusters in

_ 2 . -
D, = E E |2 — L j | a data set via the gap statistic
ieC, jel, Robert Tibshirani, Guenther Walther and Trevor Hastie

Stanford University, USA
Wi = E D,
2n
r=1 r

Gap,, (k) = E, {log(W})} — log(Wk)

choose the number of clusters via
Computational Gap k = smallest k such that
Implementation

P Gap(k) > Gap(k + 1) — sp41

k k+1

clusGap(., FUN = kmeans, n.start=20, B= 60}

> library(cluster) S 5

> x <— iris[, 1:4] <1

> gskmn <- clusGap(x, FUN = kmeans, nstart = 20, K.max = 8, B = 60) g °

Clustering k = 1,2,..., K.max (= 8): .. done o 2

Bootstrapping, b = 1,2,.._, B (= 60) [one ".' per sample]: o
.................................................. 50 _

---------- 60 s | \ | \ | \ |
> plot(gskmn, main = "clusGap(., FUN = kmeans, n.start=20, B= 60)") 1 2 3 4 5 6 7 8

http://www.hmwu. idv.



10000

2000

Gap

1.5

0.5

0.0

gap statistics

LEUKEMIA ——
-

LEUKEMIA ————

LEUKEMIA ———F

—!
p—

LEUKEMIA
LEUKEMIA
LEUKEMIA

4 6 8 10

number of clusters k

http://www-gencme.stanford.edu/ncisld

1.0

04 06 08

0.0 02

-0.10

.
-0.20

%
-0.30

application to

hierarchical clustering
and DNA microarray data

3.0 34 38

6834 x 64 matrix

2 4 6 8 10

See Also: NDClust: Determining the Best Number of Clusters in a Data Set
It provides 30 indexes for determining the optimal number of clusters in a data set and offers the best
clustering scheme from different results to the user.
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Cluster Validation

Assess the quality and reliability of the cluster sets.

m  Quality:
clusters can be measured in terms of homogeneity and separation.

s Reliability:
cluster structure is not formed by chance.

s Ground Truth:
from domain knowledge.

NOTE:
Help to decide the number of clusters in the data.

http://www.hmwu. idv.tw
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[lalldatlon Indices for Hard Clustering

s K-means, SOM, Hierarchical Clustering,...

p variables
Cluster Validation Indices

Data-driven Biological

v Vv

n samples
A

1

Class Labels

http://www.hmwu. idv.tw
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walldatlon Indices for Soft Clustering

» Fuzzy c-means, Model-based clustering, ...

123

rma: 0,65 C I USter
Validation Indices
=3 030 majority > Data-driven Biological

Class Membership Class Labels
Cluster Validation Indices

Data-driven Biological
Wu, H. M.* (2011), On Biological Validity Indices for
? Soft Clustering Algorithms for Gene Expression Data,
Computational Statistics and Data Analysis, 55(5),

http://www.hmwu. idv.tw
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£ ' Cluster Validati
<P " . Literatures on Cluster Validation (1/2)
y ZK3

O Daxin Jiang, Chun Tang and Aidong Zhang, (2004), Cluster analysis for gene expression data: a survey, IEEE Transactions on Knowledge
and Data Engineering 16(11), 1370- 1386. [web]

O Kimberly D. Siegmund, Peter W. Laird and Ite A. Laird-Offringa, (2004), A comparison of cluster analysis methods using DNA methylation
data, Bioinformatics 20(12), 1896-1904.

O Tilman Lange, Volker Roth, Mikio L. Braun, and Joachim M. Buhmann, Stability-Based Validation of Clustering Solutions, Neural Comp.
2004 16: 1299-1323.

2003

O Datta S, Datta S. Comparisons and validation of statistical clustering techniques for microarray gene expression data. Bioinformatics.
2003 Mar 1;19(4):459-66.

O N. Bolshakova and F. Azuaje, (2003), Cluster validation techniques for genome expression data, Signal Processing 83(4), 825-833.

2001

O K. Y. Yeung, D. R. Haynor and W. L. Ruzzo, (2001), Validating clustering for gene expression data, Bioinformatics 17(4), 309-318. [web]

O Maria Halkidi, Yannis Batistakis, Michalis Vazirgiannis,(2001), On Clustering Validation Techniques, Journal of Intelligent Information
Systems, 17(2), 107 - 145.

O Kerr MK, Churchill GA. Bootstrapping cluster analysis: assessing the reliability of conclusions from microarray experiments. Proc Natl
Acad Sci U S A. 2001 Jul 31;98(16):8961-5.

O Levine E, Domany E. Resampling method for unsupervised estimation of cluster validity. Neural Comput. 2001 Nov;13(11):2573-93.

O Maria Halkidi, Michalis Vazirgiannis, Clustering Validity Assessment: Finding the Optimal Partitioning of a Data Set, icdm, p. 187, First
IEEE International Conference on Data Mining (ICDM'01), 2001

~2000

O Zhang K, Zhao H. Assessing reliability of gene clusters from gene expression data. Funct Integr Genomics. 2000 Nov;1(3):156-73.

O Xie, X.L. Beni, G. (1991), A validity measure for fuzzy clustering, Pattern Analysis and Machine Intelligence, IEEE Transactions on, 13(8),
841-847.

O Peter Rousseeuw, (1987), Silhouettes: a graphical aid to the interpretation and validation of cluster analysis, Journal of Computational
and Applied Mathematics 20(1), 53-65.

O Lawrence Hubert and Phipps Arabie (1985), Comparing partitions, Journal of Classification 2(1), 193-218.

O Wallace, D. L. 1983. A method for comparing two hierarchical clusterings: comment. Journal of the American Statistical Association
78:569-576.

O E. B. Fowlkes; C. L. Mallows, (1983), A Method for Comparing Two Hierarchical Clusterings, Journal of the American Statistical
Association, 78(383), 553-569.

O William M. Rand, (1971), Objective Criteria for the Evaluation of Clustering Methods, Journal of the American Statistical Association
66(336), 846-850.
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. Literatures on Cluster Validation (2/2)

.
(=]

2007

O Marcel Brun, Chao Sima, Jianping Hua, James Lowey, Brent Carroll, Edward Suh and Edward R. Dougherty, (2007), Model-
based evaluation of clustering validation measures, Pattern Recognition 40(3), 807-824.

O Francisco R. Pinto, Jodo A. Carrigo, Mario Ramirez and Jonas S Almeida, (2007), Ranked Adjusted Rand: integrating
distance and partition information in a measure of clustering agreement, BMC Bioinformatics, 8:44.

2006

O Susmita Datta and Somnath Datta, (2006), Methods for evaluating clustering algorithms for gene expression data using a
reference set of functional classes, BMC Bioinformatics 2006, 7:397. [web]

O Anbupalam Thalamuthu, Indranil Mukhopadhyay, Xiaojing Zheng and George C. Tseng, (2006), Evaluation and comparison
of gene clustering methods in microarray analysis, Bioinformatics 22(19), 2405-2412.

O Giorgio Valentini , (2006), Clusterv: a tool for assessing the reliability of clusters discovered in DNA microarray data,
Bioinformatics, 22(3), 369-370.

O Susmita Datta and Somnath Datta, (2006), Evaluation of clustering algorithms for gene expression data, BMC
Bioinformatics 2006, 7(Suppl 4):S17. [web]

2005

O Tibshirani, Robert; Walther, Guenther (2005), Cluster Validation by Prediction Strength, Journal of Computational &
Graphical Statistics 14(3), pp- 511-528(18)

O Julia Handl, Joshua Knowles and Douglas B. Kell, (2005), Computational cluster validation in post-genomic data analysis,
Bioinformatics 21(15), 3201-3212. [web] [supp]

O Nadia B,Francisco A,Padraig C. (2005), An integrated tool for microarray data clustering and cluster validity assessment,
Bioinformatics 21:451. [Web]

O Julia Handl and Joshua Knowles. (2005) Exploiting the trade-off -- the benefits of multiple objectives in data clustering.

Proceedings of the Third International Conference on Evolutionary Multi-Criterion Optimization (EMO 2005). Pages 547-560.
LNCS 3410. Copyright Springer-Verlag. PDF.

O Nikhil R Garge, Grier P Page, Alan P Sprague , Bernard S Gorman and David B Allison, Reproducible Clusters from
Microarray Research: Whither? BMC Bioinformatics 2005, 6(Suppl 2):S10. [web]
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Cluster Validation Index

Cluster Validation :

Yalidation [ndex

Internal Measures

Comparing Partitions
Internal Measures
(13 Dunn Index
(3 Silhouette Width
Stahility Measures

Internal Measures

Stability Measures

Comparing Parditions
(11 Rand Index
(3 Jaccard Coeflicient

Comparing Partitions

(11 APMN: Averade Propodion of Mon-overlap {2 AD: Average Distance
(21 ADM: Average Distance between Means (4) FOM: Figure of Merit

Stability Measures

Biological Measures

(21 Within Cluster Wariance
(41 Connectivity

(21 Adjusted Rand Index
(47 Minkowski Index

LungMarkerGene_B8x1 44-marker bt

Biological Measures

Biological Measures (11 BHI: Biological Homogeneity Indesx

(21 BSI: Biological Stability Index

LunomarkerGene_G8x1 44-marker.bd

See: clValid: an R package for cluster validation.

http://www.hmwu. idv.tw
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<Aafl. Statistical Evaluation: Internal Measures
ﬂ.§%égga

Compactness Homogeneity Separation
Connectivity
N L °
Conn(C) = 3.3 dinm, Dunn index (Dunn, 1974)
i=1 j=1

min _ min _ dist(4, j)
_ ) ) D(C) = Cy,GEC, Crp#Cy \I€Cy, JeC
{ 0, for 2 and j are in the same cluster, (C) = max diam(Cy,)
1.1 (53 =

1/j, otherwise. Cm€C

Silhouette Width  (Rousseeuw, 1987)

Within-cluster Variance

N . R
S(C) _ Z S(ﬂ) S(?) . bz 1

J Z Z dist (7, p15) = ‘N’ 7 max(b;, a;)

CLeCic Oy, \

the average distance between i and
the observations in the closet other cluster

the average distance between 7 and

all other observations in the same cluster.

http://www.hmwu. idv.tw
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Statistical Evaluation: Stability

Average Proportion of Non-overlap (APN)
Average Distance (AD)

Average Distance between Means (ADM)
Prediction Strength: Figure of Merit (FOM)

A B o] E F P
1 1 |f7
Compare two afam ol aa o] o) m o o
d . __ _ ——f— . B
clusterings T left-out
;e n sl 7 column £
E —_—
ciEzzngng | sample
i o o] 262] saa] s 28
15 1“
16

19 075 066 104 -4

Repeat: 1,...p pinise iz e as
Full data (nxp) Remaining data (nx(p-1))

http://www.hmwu. idv.tw
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Figure of Merit (FOM)

| > left-out column ¢
1 Z o 2 |y T o o a0 e 3
iE hisseusls masie ) |
% 5 el s ow 1o ow 1| | ow|
%
& e A B
ii % E- 'I‘I :[1] 102 165 153 095 060 312 252 -0 ﬂ._——» ff,} ¢
‘s o 2 121 024 a1 o 4
i % e OO .
: T ; B el o s ow s i Ly
| || Custeringbasedon | Heo
a % BIRE Remaining data S on o tuisnlznisel e en i

Full data (NxM) Remalmng data (Nx(M-1))

FOM J Z Z dl‘ﬂ' qp?,ll(k()) m
G dist (2,0, ey ()

FOM(C) = Z FOM(¢,C)

K. Y. Yeung, D. R. Haynor and W. L. Ruzzo, (2001), Validating clustering for gene expression data, Bioinformatics
17(4), 309-318.
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’f'“ Agreement with Reference Partition
i?f,\ A E4
4 e Rond index, 1, 1), me
. e Rand index, [0, 1], maximum:
= Rand index O
.o R(U, V) = SRLL
= Jaccard coefficient noo + ot + o + nuy
| M|nkOWS k| Measu Fe e Jaccard coefficient, [0, 1], maximum:
. = Adjusted Rand index | -
U=1{U. - Uy V= {Vi,--,Vs) e Minikowskl measure:
l MU, V) = 10 + N1
l n11 + nol
O 01 +++ Oy ] [ O1 O - Oy
01 Ol
A=1 0 B=1| 0,
Oy, Oy,
Aij = I(Oﬁ e Ug. Oj' € Ug) Bij = I(Oi € Vi, Oj S Vq-)
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May be the most widely used Cluster Validation Index!

Cluster | V7 V; -+ Ve | Sums
Uy ni N2 nic | ni.
Us N9l N99 noc | no.
A=
UR nr1 Ngr2 nero ng.
Sums [ ng, n.g -+ ngo n

R cC .2 _1~NRO2 c .2
=1 j:l”’f.i'_ﬁ( =1 M.+ j:l”-j)

RU,V) = "‘ i 24
Uy =1+ o

it Xm () - X X5 (5) (5)/(5)

Ru}va.: _ > - 5 , :
U et = e e s, ) - S8, 50, () ()0

Lawrence Hubert and Phipps Arabie (1985), Comparing partitions, Journal of Clas-
sification 2(1), 193-218.

http://www.hmwu. idv.tw
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cIVaIid(obj, nClust, clMethods = "hierarchical™
validation = "stability”, maxitems = 600,
metric = "euclidean™, method = 'average',
neighbSize = 10, annotation = NULL,
GOcategory = "all",

goTermFreg=0.05, dropEvidence=NULL,
verbose=FALSE, ...)

mouse {clValid} R Documentation

Mouse Mesenchymal Cells

Description

Data from an Affymetrix microarray experiment (moe430a) comparing
comparing gene expression of mesenchymal cells from two distinct
lineages, neural crest (NC) and mesoderm (M) derived. The dataset
consists of 147 genes and ESTs which were determined to be significantly
differentially expressed between the two cell lineages, with at least a 1.5
fold increase or decrease in expression. There are three samples for each of
the neural crest and mesoderm derived cells.

d ¢

NC3
NC2
NC1

Functional category

M2
M1
M3

ECM/
Receptors (16)

Growth/
Differentiation (16)

Kinases
/Phosphatases (7)

Metabolism (8)

Stress-induced (6)

Transcription factor (28)

Miscellaneous (25)

EST(31)

Unknown (10)

P e

B

http://www.hmwu. idv.tw



Example: Mouse Data
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cIMethods = c('hierarchical’, "kmeans', 'diana"™, "fanny" ", "model™
"sota', ''pam”, 'clara', "agnes')
validation = c('internal™, "stability"”, "biological™)
> library(clvalid)
> data(mouse)
> head(mouse)

iID M1 M2 M3 NC1 NC2 NC3 FC
1 1448995 at 4.706812 4.528291 4.325836 5.568435 6.915079 7.353144 Growth/Differentiation
2 1436392 _s at 3.867962 4.052354 3.474651 4.995836 5.056199 5.183585 Transcription factor
3 1437434 _a _at 2.875112 3.379619 3.239800 3.877053 4.459629 4.850978 Miscel laneous
4 1428922 at 5.326943 5.498930 5.629814 6.795194 6.535522 6.622577 Miscel laneous
5 1452671 _s_at 5.370125 4.546810 5.704810 6.407555 6.310487 6.195847 ECM/Receptors
6 1448147 at 3.471347 4.129992 3.964431 4.474737 5.185631 5.177967 Growth/Differentiation
> # internal validation
> express <- mouse[1:25,c("M1', *M2™, M3, *NC1', *NC2", 'NC3')]
> rownames(express) <- mouse$ID[1:25]
> head(express)

M1 M2 M3 NC1 NC2 NC3

1448995 at  4.706812 4.528291 4.325836 5.568435 6.915079 7.353144
1436392_s_at 3.867962 4.052354 3.474651 4.995836 5.056199 5.183585
1437434 _a_at 2.875112 3.379619 3.239800 3.877053 4.459629 4.850978
1428922 at 5.326943 5.498930 5.629814 6.795194 6.535522 6.622577
1452671 _s_at 5.370125 4.546810 5.704810 6.407555 6.310487 6.195847
1448147 _at  3.471347 4.129992 3.964431 4.474737 5.185631 5.177967
>
> intern <- clValid(express, 2:6, clIMethods=c("hierarchical’, "kmeans™™, "‘pam"),
+ validation="internal™)

http://www.hmwu. idv.tw
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Mouse Data: Internal Measure

@

> summary(intern) # view results

Internal validation

Clustering Methods:

hierarchical kmeans pam " 1
e i
g . oA
Cluster sizes: 3 5 ,ﬁf”’f
23456 8 %
Validation Measures: T . ‘ .
2 3 4 5 6 ? ! ‘ : B
Internal validation
hierarchical Connectivity 4.6159 11.5865 19.5075 22.2075 24.5044 o erahial
Dunn 0.4217 0.2315 0.3068 0.3456 0.3456 " N
Silhouette 0.5997 0.4529 0.4324 0.4007 0.3891 c R N R i 3.
kmeans Connectivity 4.6159 9.5607 20.4774 23.1774 26.2242 58 "
Dunn 0.4217 0.3924 0.1360 0.1556 0.1778 \
Silhouette 0.5997 0.5495 0.4235 0.3871 0.3618 . N2t .
pam Connectivity 4.6159 9.5607 18.5925 25.0631 31.8381 ] ; ) . .
Dunn 0.4217 0.3924 0.3068 0.3068 0.2511 ternal validation
Silhouette 0.5997 0.5495 0.4401 0.4297 0.3506
EN —— hierarchical
Optimal Scores: ) g Y e
Score Method Clusters Z s “HQE%NM ..... .
Connectivity 4.6159 hierarchical 2 . :?*?;ffﬁfw
Dunn 0.4217 hierarchical 2 L | | 3
Silhouette 0.5997 hierarchical 2 2 3 4 5 6

> par(mfrow=c(1, 3))
> plot(intern)

MNurnber of Clusters
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Mouse Data: Stability Measure

@

> stab <- CIVaIid(express, 2:6, clMethods=c(hierarchical’,kmeans", " pam'),
+ validation="'stability')
> summary(stab) Stability validation
Clustering Methods: - 1
hierarchical kmeans pam = R“H?$:2§%g2$“?
Cluster sizes: z o | R L
23456 < s ST
Validation Measures: 8_ o
2 3 4 5 6 E A A
hierarchical APN 0.0000 0.2200 0.1702 0.1836 0.1600
AD 2.2328 1.8011 1.4589 1.3174 1.0895 ~ 15  herarchical
ADM 0.0000 0.8618 0.7372 0.6943 0.4905 ;: = 1 = gﬁms
FOM 0.8020 0.5545 0.4917 0.4649 0.4021 S T
kmeans APN 0.0241 0.0000 0.1983 0.2100 0.1828 - 3““51%ffﬁfiﬁ?ﬁh
AD 2.2861 1.3561 1.4182 1.2525 1.0671 =1 : g d
ADM 0.1399 0.0000 0.7050 0.6193 0.4655 2 3 4 5 B
FOM 0.8055 0.4809 0.4689 0.4539 0.4007 @ R
pam APN 0.0698 0.0000 0.1093 0.0867 0.1129 2 ks
AD 2.3867 1.3561 1.2413 0.9942 0.9642 2 =z ey
ADM 0.4236 0.0000 0.3008 0.1845 0.3098 g e
FOM 0.8022 0.4809 0.4731 0.4094 0.3926 = | |
5 3
Optimal Scores: @ —
Score Method Clusters 1™ 1 perarchical
APN 0.0000 hierarchical 2 E o] W 9 pam
AD 0.9642 pam 6 N
ADM 0.0000 hierarchical 2 > par(mfrow=c(4, 1)) = | T e
FOM 0.3926 pam 6 > plot(stab) 2 x4 5

Mumber of Clusters
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Biological Evaluation

ProbeSet Clustering GO-BP Category
38389 at 1 0
////" ‘\\\\ 1662 r at 1 0
m Biological Homogeneity Index et 1 X
(B H |) 34699 at 1 0
37890 at 2 0
36008 at 2 123
. . . 36591 at 2 123810
= Biological Stability Index 32081 _at 2 1234567910
668 s at 2 123
(BSI) 41535 at 2 1234
\ / 37666_at 2 1273
40310 _at 2 1234589
34256 _at 3 123
38790 at 3 1
39175 at 3 123
35819 at 3 18
37639 at 3 123
31508 _at 3 19
31505 _at 1273
. 1882 g at 12346
Example' 33154 at 123
GO (Gene Ontology) 837 s_at 123
Multiple Functional Categories 55,5, « Lyaas
33131 at 123467
Susmita Datta and Somnath Datta, (2006), Methods for evaluating clustering algorithms for gene
expression data using a reference set of functional classes, BMC Bioinformatics 7:397.
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|| Biological Evaluation

£
(?f’

Susmita Datta and Somnath Datta, (2006), Methods for evaluating
clustering algorithms for gene expression data using a reference set of
functional classes, BMC Bioinformatics 7:397.

Biological Homogeneity Index (BHI) Generalized indices:
Biological Stability Index (BSI) SBHI, SBSI
. sott clusterin 30-BP Catecory
hard clustering [ 080050 m____] ; g 3 GO-BP Category
38389_31: 1 0 38389 at : 0.0543  0.1044 08413 :0
1662 r at 1 0 1662 r_at I 0.0175 0.0356 0.9469 10
32607 at 1 0 32607 at : 0.0011 00023 09967 :0
37890 at 2 0 37890 at : 02707 07053 0.0240 :0
36008 at 2 1273 36008 at : 0.0834 09027 0.0139 : 123
36391 at 2 123810 36591 at : 0.1012 08759 0.0229 :1 23810
32081 at 2 1234567910 32081 at : 02113 0.7547 0.0339 : 1234367910
34256 at 3 1273 34256 at : 0.9087 0.0830 0.0084 : 123
38790 at 3 1 38790 at : 0.8908 0.0947 0.0144 :1
39175 at 3 1273 39175 at : 08728 01074 0.0198 : 123
|
35819 at 3 Multlple 35819 at : 0.7601 0.1890  0.0509 :1 3
37639 at 3 37639 at i 09062  0.0848 0.0090 : 123
. Fuhctional I, .
1
. Categories e :
[ ]
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a set of biological classes B = {B,..., Br}

a statistical hard clustering partition H = {Hy,..., Hx}

B": the functional class containing gene 2

B7: the function class containing gene j

BHI(H, B) = % : »  1(B'=B)

17751, €Hy,

http://www.hmwu. idv.tw
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’7; '|| Properties of BHI

= BHI: the average proportion of gene pairs

belonging to the same functional classes that are
clustered together.

= BHI: ranges from O to 1.

s BHI: larger values corresponding to more
biologically homogeneous clusters.

http://www.hmwu. idv.tw
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Soft BHI (SBHI)

U = u; : fuzzy membership matrix

soft clustering: w;, = P(y; € Cy)
hard clustering : w;, = I(y; € Cy)

a statistical soft clustering partition S = {5,..., Sk}

SBHI(S, B) = %Z 1 Zu?’k uje I(B' = B)

= Z u;pu il(genes ¢, j are annotated)
iZ]

http://www.hmwu. idv.tw
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Evaluation of Stability

http://www.hmwu. idv.tw

1 Compare these SEEAEAR
5 - 3 13 24
;_ two partitions T left-out
RTIE > column ¢
i[l) 11 0201 T
12 12 al ")
13 13 T4 16D 0
14 24 108 06 ) 4
5 5 on i sample
12 17 =113 184 001 197 -285 -1 <341 058
» . B 07s| ots]| 10e| 48| -1a1| 00| 83| 27
D ors om in 2w 2o sw 1% Repeat: 1,...p 5 or o o

Full data (nxp) Remaining data (nx(p-1))

Summering these comparisons
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C*Y: the statistical cluster containing observation i
based on all the data.

C7+*: the statistical cluster containing observation j

when column ¢ is removed.

M

1 C”Jomcﬁh)
s SD B

— (=1 1#7;1,7€EB;

BSI(H, B) =

IMﬁj

n(Bf) number of genes in the biological category B

http://www.hmwu. idv.tw
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Properties of BSI

m BSI: the average overlap of the statistical clusters
obtained based on all of the samples with that of
those obtained based on leave-one-out samples for
genes that were placed in the same functional class.

s BSIl:from0to 1.

= BSI: larger values corresponding to more stable
clusters of functionally annotated genes.

http://www.hmwu. idv.tw



Soft BSI (SBSI)

I v (€0 N O
SBSI(S?B):?Z (Bf)( —1MZ Z o )

(=1 i#ji,j€By

K
n(CONCH) =) DY gy ufluy

(0)

u,,’ 1s the membership for gene 7 to cluster k based on all of the data
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i SBHI & SBSI

m SBHI & SBSI can be reduced to the BHI and the

BSI.

= SBHI & SBSI are close to BHI & BSI when the
clustering of a data set is close to being crisp.

s SBHI & SBSI consider multiple statistical cluster
information for each gene and are thus more
reasonable.

http://www.hmwu. idv.tw
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> # biological measures (functional classes predetermined)
> fc <- tapply(rownames(express), mouse$FC[1:25], c©)

> fc

$ ECM/Receptors™

[1] "1452671 s at" "1423110 at"  "1439381 x at" 1450857 a_at"
$EST

[1] "1435327 at"  "1418382 at"  '1439373 x_at"

$ Growth/Differentiation”
[1] 1448995 at' ''1448147 at™ "1421180 at'™ '"1416855 at"

$ Kinases/Phosphatases™
[1] 1439148 a_at' "1424474_a_ at"

$Metabolism
[1] 1449059 a at"

$Miscel laneous
[1] 1437434 _a at' '1428922 at™ ''1449623 at" ''1418486_at"
''1452003_at"

$ Stress-induced”
[1] "1422557 s at" "1456434 x_at" 1416481 s_at"

$ Transcription factor”
[1] 1436392 s at'" "1424186_at"

$Unknown
NULL

'"1415993_at"

http://www.hmwu. idv.tw
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V + V V

summary(bio)

Clustering Methods:
hierarchical kmeans pam

Cluster sizes:

23456
Validation Measures:
2
hierarchical BHI 0.1552
BSI 0.5952
kmeans BHI 0.1552
BSI 0.5818
pam BHI 0.1552
BSI 0.5751
Optimal Scores:
Score Method

BHI 0.2556 pam
BSI 0.5952 hierarchical

> par(mfrow=c(2, 1))
> plot(bio)

0.2552
0.3361
0.1335
0.1286
0.1335
0.1286

Clusters

cNooNoNoNe

fc <- fc[-match( c("EST",""Unknown'),
bio <- clvalid(express, 2:6, clMethods=c("hierarchical",
validation="biological™, annotation=fc)

.2345
.2574
.2024
.1658
.1690
.1094

names(fc))]

0.2210
0.2314
0.1952
0.1557
0.2067
0.1003

ool oNoNoNe

.2008
.2202
.1627
.1331
.2556
.0956

llkmeansll , llpamll) )
Biological validation
[{=]
S 1 3
e \ —t— hierarchical
o 1 *«{ kmears
_° 3mnhﬁ
T 2 9 1
m [aa) K -
S - .
: 3 2
. I
= -2
| 1 T | |
2 3 4 5 6
Number of Clusters
Biological validation
—t— hierarchical
2 -2 kmeans
~3~ pam
v
om [ap)
S 1
——
--------- 2
S T T ? .
2 3 4 5 6

Number of Clusters
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’f ,@ Significance of the Indices: Permutation Test

.0

Qo
t &
: %

validation index v, vl e, U
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Permutation Test for Significance

of the Indices

123 123
llf.. ..Hll

-.' -

123

O o
- ) H H B
£
w o ——
J i I
validation index v, vy T Vg
4 ! B I
*
F3) Z I(vi > V)
B &
1=1
N %
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@| Obtain Functional Categories (Annotation)

MIPS: the Munich Information Center for EDE mlps .
Protein Sequences ]

s http://mips.gsf.de/ — wtcome o i

WEE

Fungl
. Flants News:
= MIPS: a database for protein sequences and T
. Annatason » Insights from the gename of the bistrophic fungal plant pathegen Ustilage maydis
M M cﬂf Functional UisIRage mayts 15 a ubiquinus pathogen of maize and a welkestablished model organism far the
C O I I I e e e n O I I I e S u C e I C C I S e S ea rC 0 study of plant-microbe interactions. It belangs to the group of biolrophic parasites (the smts) that
1 1 Expression analysts depend on InAg tssue for proliferation and development, The first QENOME SEQUENCE Tar &
Protecmics member of this economically important group of biotrophic fungl was sequenced and analysed
2 7 '44 _4 8 1 9 9 9 BEAM The 20.5 M L, maycis gencme assembily contains ahout 7000 protein-encoding genes and lacks
. Ii ONA ity Taund in SIher aggressie fungal genomes, & g. 3 battery of
HND coll wall degradng enzymmis. Homever, unixgeche m.numu, fiealures risible for the
pathagenicity of this organism were detected . Specifically, we found 12 clusters of genes encading
BioRS amall, SECreted proteins with Lnknown fUnCtion. A signiicant fraction of these genes exists in small
GEnRE gene familles. Most of the genes contained in these clusters are co-reguiated and induced in
GAMS Infected tissue. Deletion of indnadual Clusters altéred the virulence of U maydhs in five Cases,
SIMAR ranging from complete ack of Symptams to fyperinsence. Desple years of research mto the
HOBIT mechanism of pathogenicity in U, maydis, no "trug” virulence faclors had been previousty
Identified Trus, the discovery of the sacrsted protein gene clusters and the functional
demonstration of their decisie role in the infection process lumin 4 mechanisms of
patnagenicity operating in the biotrophic fungl, G it c
WED © By BREG) ©® IED m) Sarvices ﬁwngbilw The discovery of virulEnce Getenmnants in other panagens. Nature 444,97-101 (2
L ! MG i e Genames ov. 2006)
@ - - & 1 [* hitpelfwmew gonsontology.org! -] o |G ) Dm:gan"" retrieval * Anamme in the genes
- Analy$s b0l Ten yaars ago a rom.lmuus discavery led to the isentlcation of oceanic bactena capabie of
Search | | EXpression anatysts anagrobic ami {anammax). it was 500N recagnized Mat the anammax reachon has

th e G ene On to Iogy § Protein Protein great ecologics Cari i respansible for remeving up to 50% of feed nitragen from the
preprmp—_ | | [T A Hons. aceans, The genome of the anammox bacterium Kuenenia stultgartiensis has now been
1# ¥ I [# pREC saquenced in 3 remankabie f2at of what 13 called emvironmental genomics. Anammax Bacters grow
very siowly and are not avalable In pure culture. For genome 3nalysis an INoculum of wastewater
Open menus e wars grown in @ bioreactor for ane year, clecking up 10-15 generabans. The DMA of the

About'Contact MICTODial COMMUNty wirs Sequenced and thi gEnome of this One anammos baclenurn was
Home GEne onto logy HOI I Ie St deduced from the resulls. With the gename seguence known, it will be possible o gain insight inlo ™
TRt

FAQ
Sl The Gene Cntology project provides a controlled vocabulary to
Tool:

= - describe gene and gene product attributes in any organism. Read
Documentation

AT .more about the Gene Ontology... | G O : G e n e O n to I Og y

i g Search the Gene Ontology Database

e Search for genes, proteing or GO lenms using AmiGo D A GO annotation iS_ a Gene OntOIogy
| = term associated with a gene product.
 coeneorpEnname TGO orio O http://www.geneontology.org/
:3:1;?:;5‘::;1?::5;?0bmwscrandman:honglnc. Browse the Gene D The Gene Ontology Consprtium_ Gene-
60 websit Ontology: tool for the unification of biology.
T Nature Genet. (2000) 25: 25-29.
e e i G5t QU e A [0  FatiGO (Al-Shahrour et al., 2004)
tracker; help with new term submission is available.
. Dut.urrler.ll..:lllun UII.:{"d.';i.ptldLlSOTUIe(_-O.p.rl.r.]e-t:Ldrldllle GO FAQ = D Funcat (Ruepp et a.l., 2004)
BE vrwwr. peneontology.org FEBTREL .
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FatiGO

http://babelomics.bioinfo.cipf.es/index.html

experiments, Nucleic Acids Research, 34, W4T2-W4TE

— = . = Biological process. Lewel: 3
BEE WRE RR0 HEC BE® TAD REG g P b " h' ' ko' Bo' oo
@ - - B 0O B [E wupdaigobioniocielest ~lo & regulation of biological process I 4550
Nis 17 2, - B cellular netabolic process s a5 .50
‘N primary metabolic process D 45.50
il 2 e nacromolecule netabolic process | EEEGH
i cell communication s sl
Tutorials Papers
imnune systenm process [ kR
ﬁ@ FatiGO anatonical structure developnent I s
[ - - nulticellular organismal developnent I s
Gene Ontology : biblogical
| search [EVNIENE process. Level:3 cellular developnental process I s
Organism I—L| response to stress - 20,598
List of genes genes list establishnent of localization P 10.558
defense response [ EREREH
cell organization and biogenesis [ EERE
or genes list file || regulation of hiological pro; Fesponse to external stinulus N 15942
Functional annotation Gene Ontology: biological process | =
Gene Ontology: molecular function | ol u
Gene Ontology: cellular component | ol u
E-mail (optional) || ]
Project name (optional) |l cell recognition | o742
Submit | R . - . -
ﬂ extracellular matrix organization and biogen,.. | ¢.74%
oxygen honeostasis | o.742
References : digestion | w.7az
Al-Shahrour, F |, Minguez, P, Tarraga, J., Montaner, D, Aloza, E., Vaguerizas, JMM., Conde, L developnental growth | w.7ad
Dopazo, J. (2008), BABELOMICS: a systerns biclogy perspective in the functional anngts cellular metabolic process  thernoregulation | o.74%
o]
1
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