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A continuing and active topic of research and application!
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Principal Component Analysis (PCA)
Multidimensional Scaling (MDYS)

Self-Organizing M aps (SOM)
Heat M ap
Hierarchical Clustering
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Microarray Life Cycle

7 Biological Questions

cDNA Microarray Data 1. Differentially expressed
P B e genes. |
1 |[UNIQID Gene Name Description Array1 Array2 2. Relationships between
2 | 5BB0Z9 588029:Hs.7I.ACY1 D645 0375 i o genes, t1ssues or treatments
3 | 190929 190929:Hs. 247565 RHO 0615  0.210 . . Mz% . . :
4 | 246550 246550:Hs.293548 0585  0.665 Bluln_glcal Bl .- 3. Clgsmﬁc?tmn of tissues
S | 32553 32553 Hs.101245 0825 0230 Verification and BUrEAIpIcE
6 | 446172 446172; 0.570 0495 Interpretation
7 | 417978 417978 Hs 266574 0495 1835 v
- . : .
366879 366579:Hs 169341 435 0300 O Experimental Design
log2(Cys/Cy3) ‘
» @ Microarray Experiment
% <= 1. Target preparation
S Statistical |« . HYbll"llfhzathﬂ
St o Analysis 3. Washing o
i 5 ol bt 4. Image acquisition
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R =i : Preprocessing
A E L. | B | « Clustering G |8
1 [Probeset Gene Name Array 1 Array 2 . . : o o5 F
2 1103941 at alpha-spactin 1, erythroid 337625 292333 g Clasmﬁcanorli . £ Image Analysis
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4 104137 _at ATP-binding cassette, sub-family » 109.522 65.2727 Filtering \ i E z Quantify Expression
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7 |93061_at  breast carcinoma amplified sequer 348 43669 — iz -

12600102632 at calmodulin binding protein 1 ‘/Efyﬁéﬂ £4.7391
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Group a given collection of unlabeled patterns into meaningful clusters.

Data, X
—> 0 -
Transformation/Nor malization
Dimension Reduction A
Similarity/Distance M easur es
> | - %
B -
=
$a
) g 9
Clusters,y Dimension Visualization {:;, 2% .9
Reduction Graphics Methods N ’3%@
-...-:\'? =
0- C

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

The result is a tree that depicts the relationships

between the objects. é/ é)
Divisive clustering: / \
begin at step 1 with all the data in one cluster. OO0 . on )

Agglomerative clustering:
all the objects start apart., there are n clusters at

step O. QOQ++* 0O
\l ¢ 0o o 0 /
Non-Hierarchical clustering O\ /C>
k-means, The EM algorithm, K Nearest -m

Neighbor,...

Two important properties of a clustering definition:
1. Most of data has been organized into non-overlapping clusters.

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




3 %

12
A

To visualize = to make visible, to transform into pictures.

Making things/processes visible that are not directly accessible
by the human eye.

Transformation of an abstraction to a picture.

Computer aided extraction and display of information from data.

12

Exploiting the human visual system to extract information from
data.

Provides an overview of complex data sets.

|dentifies structure, patterns, trends, anomalies, and
relationships in data.

Assists in identifying the areas of interest.

Visualization = Graphing for Data + Fitting + Graphing for Model

Tegarden, D. P. (1999). Business Information Visualization. Communications of AIS 1, 1-38.
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e.g., K-means, SOM, Hierarchical Clustering, e.g., Bi-clustering
Model-based clustering,...




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

Support biological analysis/discovery

cluster genes based on samples profiles
cluster samples based on genes profiles

% #

genes with similar function have similar
expression profiles.

Clustering results in groups of co-expressed
genes, groups of samples with a common
phenotype, or blocks of genes and samples
Involved in specific biological processes.

% #
High-throughput, Noise, Outliers

e

K-means Clustering

Log ratio (M)

o
|||||||

e B e i e i
DDDDDDD

e e - A A
S SO el eyt
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Cov x1 %2 %3 x4 xp

%1 100 048 0.0 -010 -0.28

x2 048 1.00 0.22 -0.23

x3 0.0 100 038 -0.0s

x4 | -010 0322 038 100 0.10

1
xP|-02 -023 005 010 1.00
r Y g
1

Data %1 P K3 x4 1o xp
subject01 -048 | 1043 | 087 082 -0.18
subject02 -0.39 | (058 [ 1.0 1.21 -0.33
subject03 0.ev 029 |-0 018 -0.44
subject0d4 1587 1103 | 1.2 0.3 -0.44
subject0S 18 108 | 120 162 0.16
subject06 004 0124 030 018 -0.08
subject07 285|044 |-04p  -0.66 -0.38
subject0s Stz 0y 13 150 0.24
subject09 -0.73 | (109 (-0.7p  -0.02 0.44
subject10 -0.58 | 1040 | 0B 058 0.0Z
subject11 -0.50 | 1044 | 066 1.05 0.08
subject12 -086 | 1029 | 042 0 048 0.1o
subject13 -006 (029 ) 0aF  -D.28 -0.55
subject14 -0.36 | (003 (-0.0B  -0.08 -0.25
subject1d -0.72 10849 | 058 1.04 0.24
subject16 -0re | (084 | 025 020 0.48
subject1? 060 10559 | 041 045 -0.6B
subject F1 | -229 (064 [ 0.7F | 180 0.55
| mean 0.07|-0.04| 044 | 031 [ ==+ |-0.21
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N 2iz1 (@i — T) (i — §)
TY — = =
\/2?:1(-% - fﬂ)Q\/Zi:.?‘:l(:w — ?})2

= (r1,29, ", Tn)
n
— e — ap-)2
Y= (y1,Y2: "+ YUn) oy = 2('1"’" yi)

\/(-TL =)’ + (22 — p2)?

(z1,72)

(y1,y2)

m The standard transformation from a similarity matrix C'

to a distance matrix D is given by d,; = (cpp — 26,5 + co6) 2.

= (Eisen et al. 1998) d,, = 1—c¢,,

s Other transformations

(Chatfield and Collins 1980, Section 10.2)
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Similarity

Formula

v

Pearson correlation

covi( x,,x;)

5, 7) = \/var( x ) var( x,)

Kendall's tau

Two pairs of observation (z;,y;) and (z;, ;)

Spearman correlation

cov(r,r,)

e C: concordant pair: (z; — z;)(y; — ;) >0

{+; is ranked x) sl7) = fvar( ) var(r,)
» . 1 .
Kendall’s Tan s(i, j) = (‘”_)Z sign [(x;'.t_xi.t')(xj.t_ xﬁ,)]
ALY

e D: discordant pair: (z; — zi)(yi —wi) <0
e tle:

E,: extra y pair in z’s: (z; — z;) = 0

E, : extra z pair in y's: (y; —yi) =0

-%

—

F
{
i

C-D

{a) positive linear
correlation

{b) negative linear
correlation

(¢) nonlinear
relationships

T =
VC+D-E,VC+D-E,

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

-

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)].

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

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

(d) no relationship

{e) nonlinear
relationships

(f) no relationship
with outliers

Data

Pearson's rho

Spearman's rhho  Kendall's fan

(a)
(b)
]
(d)
(e)
(f)

0.98
-0.98
0.50
-0.02
-0.06
0.68

0.98
-0.98
0.99
-0.03
-0.02
0.00

0.87
-0.87
0.98
-0.02
-0.02
0.00

Algorithm they use different logic for computing the correlation coefficient, they seldom lead to markedly different conclusions

(Siegel and Castellan, 1988).




K-means is a partition methods for clustering.
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.

12 /61

Optimization problem:

Minimize the sum of squared within-cluster distances

The K-Means Algorithm

1. The data points are randomly assigned to one of
the K clusters.

RN

The position of the K centroids are determined
(initial group centroids).
3. For each data point:

e Calculate the distance from the data point to
each cluster.

e Assign data point to the cluster that has the
closest centroid.

4. Repeat the above step until the centroids no longer
move.

The choice of initial partition can greatly affect the final

clusters that result.

o= 3 g

k=1 C(i)=C(j)=k

Converged

oo
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Principal Component Analysis (PCA)
Multidimensional Scaling (MDYS)

Dimension reduction visualization is often adopted for
presenting grouping structure for methods such as K-means.

13/61
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PCA is a method that re(dpuegerg %%t%lgé)lrlﬁlews)itoerlmléﬂg/ %?lgfﬁﬁd?r?gly“t fg %ggvz\)/ariables
(major axes, principal components).

PCA2 a
L
. IR
waig ¥ Gupse nghl{cm) . * ™
L ]
+ + + 4 | 1.
+ + s - .
+1 5 PCALI N
& ++'|' ++ ++ 5 ' - ,.,. * "‘. ., *
+ 4+, + o st e .
o, &- " L .
q"ﬂ-" e, .0t
1 . =%, TEN
PCA = 2 Bronale . - ® lzmak
! _W+ LI g -2 # mak

PCAi=a1X+01Y +¢1Z -p.ﬂ

PCA =[mX +ba ¥

PCA2 =5 (LQX + ng + (JQZ

Amongst all possible projections, PCA finds the projections so that the maximum
amount of information, measured in terms of variability, isretained in the smallest
number of dimensions.

PCAl == (Lllxl + (LlQXQ S R a,l,pX,p

PCAs = 091 X1 + a99Xog + -+ + azp Xy
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Scores Matrix Data Matrix Loadings Matrix
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The|ith principal component|of X is Xw;, where W;is the|ith normalized eigenvector jof Yy

corresponding to the 7th largest eigenvaules.
Eigenvalues Ay > A2 > -+ > A,

k
2im1 A

p .

1=1 /\"5

proportion =




Microarray Data Matrix

1

PCA-1 PCA-2 PCA-3|

MA Table exp01  exp02 expl3 expld explSs expees Bxp P
genedd1 | -0.48  -042| 087 052 067 -1.35
gened02 | -039 058 108 1.21 052 -0.58 A Table
genedn3 087 025 017 018 013 -0.13 gened0
genednd 157 103 122 031 016 -1.02 gened02
genedds | -115 086 1.21 162 112 -0.44 geneli3
gened0s oo4 ) 0120 031 046 017 0.03 genelid
gene00? 295 045 040 -0BE | -059 -0.76 genedls
genel0S | -1.22 074 134 150 063 i e genells
gened0s | -073  -1.06| -07%  -002 016 0.03 gene007
gened10 | -058  -0D.40| 013 058 -009 -0.45 gened0s
gened11 | -050  -0.42| 0OB5 | 1.05 0ES 0.01 genedis
gened12 | -086  -029| 042 045 030 -0.63 gened10
gened13 | 016 029 | 017 -028 -0.02 -0.04 genedl
gened?4 | -036 -003| -0003 -008 -023 -0.21 genedi2
gened15 | 072 -085| 054 104 084 -1.64 gened13
gened16 | -0V8  -062| 026 020 048 047 genel14
gened1? 060 055 041 045 018 -1.02 gened15
gened1d | 020 067 | 013 010 038 0.05 genedl1f
gened19 | 229 064 | 0OF7 160 0453 -0.33 genell?
gene020 | 146 076 | 108 150 074 -0.70 genedld
gene021 | 057 042 103 135 054 -0.40 genel19
gened22 | -0.11 013 0.4 060 023 019 gened20
HENE &+ e gened21
gene N | 79 094 213 175 023 -0.66 nenel2?
HEnBss s

\ gene N

2nd PCA Componnet

PCA for Cell Cycle Data on Conditions

1st PCA Componnet

-0.13 0.1 -0.03
0.51 053 0.54
-0.35 0.39 0.26
-0.13 -1.05 0.41
-0.62 0.8 0.13
-0.09 023 0.77
-0.33 0.32 1.08
-0.88 0.55 1.03
-1.26 0.45 0.41
012 0.36 016
-0.28 .44 213
-0.45 023 0.52
0.2 043 0.44
0.03 .26 -0.658
0.7 076 0.s
-0.61 0.07 -0.04
-0.23 0.1 0.01

0.1 0.1 0.11
-0.94 0.97 0.24
-0.55 .53 0.86
-0.47 087 -0.02
-0.34 -1.1 0.51
-0.49 0.2 0.91
-0.15 -1.04 -0.01

—>

16 /61

2nd PCA Componnet

PCA for Cell Cycle Data on Genes

[ o | ‘

Cumulative Sum of the Variances:

1 78.3719
2 89.2140
3 93.4357
4 96.03831
5 98.3283
6 99 3203
T 100.0000

1st PQ

This shows that almost 90% of the

WA Table exp0l  expl2 exp03 expld expls expsss e}{pp

PCA-1| 018 0.3
PCA-2| 016 058
PCA-3| 016 -044

012 -0.44) 019 039 081

043 -0Z22) 053 0E9
0583 123 062 082

0.05
1.3
1

Yeast Microarray Data isfrom

DeRisi, JL, lyer, VR, and Brown, PO.(1997).
"Exploring the metabolic and genetic control of gene
expression on a genomic scale"; Science, Oct

24:278(5338):680-6.

Secaond Principal Compunent‘

variance 18 accounted for by the
first two principal components.

Principal Component Scatter Plot with Colored Clusters

YGLIBAC .
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First Principal Component
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Classical MDS takes a set
of dissimilarities and returns a
set of points such that the
> distances between the points
<« are approximately equal to

the disssmilarities.

projection from some
unknown dimensional space
to 2-d dimension.

l http://mwww.lib.utexas.edu/maps/united_states.html 1

?

/

1]
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Given a dissimilarity matrix D of certain objects, can we construct
points in k-dimensional (often 2-dimensional) space such that

18 /61

the Euclidean distances between these the order in distances coincides with

points approximate the entries in the the order in the entries of the

dissimilarity matrix? dissimilarity matrix approximately?

Mathematically: for given k,
compute points X, ,...,X, in k-
dimensional space such that the
object function is minimized.

Microarray Data of Yeast Cell Cycle
Synchronized by alpha factor arrest
method (Spellman et al. 1998; Chu et al. 1998)

103 known genes. every 7 minutesand
totally 18 time points.

2D M DS Configuration Plot for 103 known
genes.




Self-Organizing Maps (SOM)
Heat M ap
Hierarchical Clustering

19/61




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

ldea: 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. It can be used at
the same time both to
reduce the amount of data
by clustering, and to
construct a nonlinear
projection of the data onto a
low-dimensional display.

20/61




%

1995, 1997, 2001

Tamayo, P. et al. (1999). Interpreting
patterns of gene expression with self-

21 /61

organizing maps: Methods and application to

hematopoietic differentiation.
Proc Natl Acad Sci 96:2907-2912.




* | # *
(Ultsch and Siemon 1989, Ultsch 1993)

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

22 /61

U-matrix representation of the SOM
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Microarray Data of Yeast
Cell Cycle

Synchronized by alpha
factor arrest method
(Spellman et al. 1998; Chu
et al. 1998)

103 known genes. every 7
minutes and
totally 18 time points.
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Data

Baseline: Culture Medium (CM-
00h)

OH-04h, OH-12h, OH-24h
CA-04h, CA-24h
SO-04h, SO-24h

A set of 359 genes was
selected for clustering.

\
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%

# Average-Linkage

distance matrix

=

UPGMA
(Unweighted
Pair-Groups
Method

Average)

26 /61

UPGMC




> %

The Ward’s method does
not compute distances
between clusters.

It forms clusters by
maximizing within-clusters
homogeneity.

The within-group (i.e.,
within-cluster) sum of
squares is used as the
measure of homogeneity.

The Ward’s method tries to
minimize the total within-
group or within-cluster sum
of squares.

Clusters are formed at
each step such that the
resulting cluster solution
has the fewest within-
cluster sums of squares.

The within-cluster sums of
squares that is minimized is
also known as the error
sums of squares (ESS).

#
%  5-" 6 (,8?@
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Software:
Cluster and TreeView
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< Ordering

For example:
Cluster and TreeView, R




Raw Data Matrix and Two Proximity Matrices

Presentation \ Seriation Partition \Sufficient
"U °g %0 E U %o
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(Chen, 2002)

95 patients: 69 schizophrenic and 26
bipolar disorders

SAPS: 30 items, SANS: 20 items
Six point scale (0-5).
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1.

3.

Color spectrum

Variable transformation

Selection of proximity

All

%
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Image source: Dr. Chen Chun-houh’s Silde
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Placing similar (different) objects at closer (distant) positions




%
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a $ N s
\_ AN
s
ideal
model

Different Seriations
Generated from Identical
Tree Structure

1flip

3flips

5flips

many
flips

N
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Uncle Approach

35/61

GrandPa Approach

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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As match as possible

S} 6 4

(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.
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6 1 #
Anti-Robinson Measurements

# Minimal Span Loss Function
I |
HE [N
HEN (N
HEEE RN
HEEEN (e
EEEEEN (N
HEEENNN
HE N NN

: % "
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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Seriation Algorithms with Converging Correlation Matrices
When the sequence reaches an iteration with rank two, the p objects fall on an ellipse
and have unique relative position on the ellipse.




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

00 $

Image source: Dr. Chen Chun-houh'’s slide
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3 % | 1 & %

Further Reading

J. A. Hartigan. Direct clustering of a data matrix. Journal of the
American Statistical Association, 67(337):123-129, March 1972.
Duffy, D. & Quiroz, A. (1991), "A permutation-based algorithm for

block clustering®J. of Classification 8, 65--91.




%
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Image source: Chen etal 2004

%

The sediment MV for patients. express
severity structure.

42 /61

The sediment MV for symptoms: thisisa
side-by-side bar-chart and box-plot which

displays the distribution structure
for all symptoms simultaneoudly.

Image source: Chen etal 2004




Simple <«— |nformation Visualization of Data Matrices =——» Difficult

(Gene/Time) (Patient/Symptom)  (Mouse/Tumor)

>8>6 >4 >2 11 >2 >4 >6 >8 Log2rati0
B

Image source: Chen Chun-houh’s slide

(Subj ect/SNP)

A C G T
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Assess the quality and reliability of the cluster sets.

clusters can be measured in terms of homogeneity and
separation.

cluster structure is not formed by chance.

» from domain knowledge.

NOTE:
Help to decide the number of clusters in the data.
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(, ) Kis defined by the application.

(/) Plot the datain two PAC dimensions. (@ Hierarchical clustering:
look at the difference between levelsin the tree.

(e.g., k-means:
within-cluster sum of
squares)

(0) Plot thereconstruction error or log likelihood as
afunction of k, and look for the elbow.

/




2007

2006

2005

2004

2003

2001

~2000
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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.

Francisco R. Pinto, Jodo A. Carrico, 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.

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

Anbupalam Thalamuthu, Indranil Mukhopadhyay, Xiaojing Zheng and George C. Tseng, (2006), Evaluation and comparison of gene clustering methods in
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4 Statistical Evaluation: Internal w Full data
Measures
Connectivity
Dunn index 5

Silhouette Width
Within-cluster Variance

_ )

:1::1: Compare two
4 Statistical Evaluation: Stability N Clusterings
Average Proportion of Non-overlap ”
(APN)
Average Distance (AD) ™

Average Distance between Means T
(ADM)

Prediction Strength: Figure of Merit

\_ (FOM) -

sample

Remaining data
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4 Agreement with Reference N
Partition
Rand index

Jaccard coefficient,
Minikowski Measure

(1)

Adjusted Rand index See alsO
clvalid: an R package for cluster validation.
N /
~ Biological Evaluation )
Biological Homogeneity Index
(BHI)
. Biological Stability Index (BSI) )

Datta and Datta (BMC Bioinformatics, 2006)
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http://mips.gsf.de/

MIPS: a database for protein sequences and
complete genomes, Nucleic Acids Research,
27:44-48, 1999

A GO annotation is a Gene Ontology
term associated with a gene product.
http://www.geneontology.org/

The Gene Ontology Consortium. Gene

Ontology: tool for the unification of biology.
Nature Genet. (2000) 25: 25-29.

FatiGO (Al-Shahrour et al., 2004)
FunCat (Ruepp et al., 2004)
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http://babelomics.bioinfo.cipf.es/index.html

\

Theontologies are used to categofi
gene products.
Biological processontology ""—*

Molecular function ontology
Cellular component ontology
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Cluster and TreeView

Bioconductor: Limma, LimmaGuUI,
LimmaAffy, gclus

PermutM atrix
GAP (Generalized Association Plots)

GeneSpring GX v7.3




De Hoon, M.J.L.; Imoto, S.; Nolan, J.; Miyano,
S.; "Open source clustering software".
Bioinformatics, 20 (9): 1453--1454 (2004)

http://rana.lbl.gov/EisenSoftware.htm

Eisen MB, Spellman PT, Brown PO,
Botstein D. (1998) Cluster analysis and
display of genome-wide expression
patterns. Proc Natl Acad Sci.
95(25):14863-8.

http://bonsai.ims.u-tokyo.ac.jp/~mdehoon/software/cluster/
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The Bioconductor
version 1.6
http://www.bioconductor.org
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R version 2.1.1 (2005-06-20)

http://www.r-project.org




Limma: Linear Models for Microarray Data
http://bioinf.wehi.edu.au/limma/

LimmaGUI: a menu driven interface of Limma
http://bioinf.wehi.edu.au/limmaGuUlI

Smyth, G. K. (2005). Limma: linear models for microarray
data. In: Bioinformatics and Computational Biology Solutions
using R and Bioconductor, R. Gentleman, V. Carey, S.
Dudoit, R. Irizarry, W. Huber (eds.), Springer, New York,
Chapter 23. (To be published in 2005)

Smyth, G. K. (2004). Linear models and empirical Bayes
methods for assessing differential expression in microarray
experiments. Statistical Applications in Genetics and
Molecular Biology 3, No. 1, Article 3.
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# %
(R package)
http://cran.r-project.org/src/contrib/Descriptions/gclus.htmi
Catherine B. Hurley, (2004), Clustering
Visualizations of Multidimensional Data,
Journal of Computational & Graphical
Statistics, Vol. 13, No. 4, pp.788-806

http://www.lirmm.fr/~caraux/PermutMatrix

Caraux, G., and Pinloche, S. (2005),
"Permutmatrix: A Graphical Environment
to Arrange Gene Expression Profiles in
Optimal Linear Order," Bioinformatics, 21,
1280-1281.




Generalized Association Plots

Input Data Type: continuous or
binary.

Various seriation algorithms and
clustering analysis.

Various display conditions.

Modules:

GAP with Covaraite Adjusted,
Nonlinear Association Analysis,
Missing Value Imputation.

Statistical Plots

2D Scatterplot, 3D Scatterplot
(Rotatable)

Chen, C. H. (2002). Generalized Association Plots:
Information Visualization via Iteratively Generated
Correlation Matrices. Statistica Sinica 12, 7-29.

Wu, H. M., Tien, Y. J. and Chen, C. H. (2006). GAP: a

Graphical Environment for Matrix Visualization and http://gap.stat.sinica.edu.tw/Software/ GAP

Information Mining.
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http://www.mathworks.com/access/helpdesk/help/toolbox/bioinfo/index.html
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E F-0-

RMA or GC-RMA probe level analysis
Advanced Statistical Tools
Data Clustering

Visual Filtering

3D Data Visualization

Data Normalization (Sixteen)
Pathway Views

Search for Similar Samples
Support for MIAME Compliance
Scripting

MAGE-ML Export

Images from
http://www.silicongenetics.com

More than 700 papers
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# http://idv.sinica.edu.tw/hmwu/SMDA/Clustering/index.htm

TG
hmwu@stat.sinica.edu.tw
http://idv.sinica.edu.tw/hmwu
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