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NOTE: Matrix Visualization (MV): reorderable matrix, \ (Chen 2002) /
the heatmap, color histogram, data image and matrix
visualization.




Microarray Gene Expression Data of
Yeast Cell Cycle

yMGYV: yeast Microarray Global Viewer
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Home - About - Screenshots - Tutorial - - Mailing list - What's new
Accass 1 Aeocass 2 Access 3
One gene Several genes Common response
ORF/gene name Whole publication datasets
S, cerevisias v [-
Fter: Cno C15 €2 &3 Arcerset
¥ Show orthologs Compendium Experiments by experiment

- Publications list 8 Lyear of publication of the artides
tQ\\Search & condition or strain in yMEY & View most and less varlant ORFs
SOy Gy FAG =M tools

Whats new ?

@ Septernber 16th 2003; The "compendiurn” rmodule is up.
@ September 16th 2003: A brand new tutorial is up.
@ August 5th 2003; Mew version of the access 2 module,

#® August 1st 2003: 5, cerewisize GO re-annotation have been done by SGD using recently sequenced fungi
& July 29th 2003; & new $, cerevisiae datasets added K
4 Older news
Last database update: 2003-09-07
Last interface update: 2003-09-16
= The yMGY team

http:/transcriptome.ens.fr/ymgv/ 15 arrays
30 genes l
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The 1st Step of GAP

Presentation of Raw Data Matrix

®m Data Transformation

m Selection of Proximity Measures
m Color Spectrum

m Display Conditions




Presentation of Raw Data Matrlx P
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Proximity Matrix
for Columns

(1) Selection of Proximity Measures

Proximity Matrix
for Rows

/ Pearson Correlation Coefﬁcient\
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Euclidean Distance

P
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Other Similarity/Dissimilarity

\ Measures /

(2) Color Spectrum

Log Ratio
B
-2.0 0 2.0
Correlation Distance
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Presentation of Raw Data Matrix
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(1) Selection of Proximity Measures

; Correlation Matrix
| for Variables Pearson Correlation Coefficient

J orrelation Matrix for Subjects

(2) Color Spectrum
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Raw Data Matrix




Color Spectra
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Expression
-3 0 3 Distance Range Categories
Corvalitiai [ |
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Correlation matrix map of 50 psychosis disorder variables
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Display Conditions
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Without

14 134 106 006 181 290 364 304 049 -233
15 057 181 -047 140 270 099 082 -161 -256
16 061 422 -203 -261 400 -464 -292 155 -071
17 113 164 001 -177 -285 -124 -341 050 -164
18 086 -117 -041 -220 -130 -237 -141 008 025
19 075 066 104 -426 -141 -399 -353 -217 034
20 015 068 318 -285 -201 -318 -158 010 128

ordering

Gene Expression
B

Down- no differential Up-
lated
regiiate expressed regulated

tin: -3.58

Range Matrix Condition Center Matrix Condition




The 2nd Step of GAP

Seriation of Proximity Matrices and
Raw Data Matrix

m Relativity of a Statistical Graph

® Global Criterion
® GAP Rank-Two Elliptical Seriation

® Local Criterion
m Tree Seriation
m Flipping of Tree Intermediate Nodes




Relativity of a Statistical Graph =
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Placing similar (different) objects at closer (distant) positions.
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GAP Rank-Two Elliptical Seriation o
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Seriation Algorithms with Converging Correlation Matri¢eg™ =" runrnn maenaangs s s

Correlation Matrix (without ordering) R = Rl>)
[ L
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B9
SR
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The p objects fall on an ellipse and have unique

relative position on the ellipse (Chen 2002).
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Hierarchical Clustering Tree with a

Dendrogram S RO R SO
4 Tree seriation N Tree seriation for proximity matrlces
L m ﬁm ﬂﬁm m
ABCDE B% CEDBA ‘ - .

AN

/ Tree seriation for raw data matrices \

ideal . _ . many
model 1 flip 3 flips 5 flips flips

Different Seriations
Generated from Identical
Tree Structure
)




Internal Tree Flips

L
" Uncle Approach — L
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External Tree Flips

LH SEERNENEERN BN ENEDEEERN EEERL DEEANE]
L, FENNANEENEEEEEY EEEENDEEE WEE EEERl

~

% 4
? 9
f,

A BC'DE F G 4

\ / As close as possible

External Ordering D E A F BC 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) ...
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Data: 517 genes by 13 arrays

GAP Rank-two elliptical seriation Michael Eisen (1998) tree seriation
time time

Image source: Dr. Chen Chun-houh’s slide




The 3rd Step of GAP

Partitions of Permuted Matrix.Maps.... ..
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Partitions of Permuted Matrix Maps

/ One-Way block Searching \
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The 4th Step of GAP

Sufficient Graph

A B C D 5} IF
8T 1 |Bchs PNED |HRE (S
AD1| 69 | 92 | 85 | 45 | 62
AD2| 66 | 90 | 83 36 | 90
AD3| 72 | 92 | 80 62 | 70
AD4| B8 | 90 | 60 37 | 95
ADS| 74 | B0 | 86 54 | 70
ADB| 77 | 90 | 88 88 | 95
AD7| 73 | 88 | 77 51 | 95
ADS | 61 90 | 84 | 40 | 82
10 A09] 66 | 83 | 82 39 | 80
11 |Aat0] 76 | 75 | &7 72| 80
12 A11] 64 | 90 | 90 26 | 95
13/ A12] 75 | 90 | 80 55 | 70
14 A13] 92 | 90 | 83 90 | 95

]
Sufficient Statistics
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-0 BT 65.67 81.83 73.67 53.67 72
B 77.83 00.67 86.67 5367 94.17




Sufficient Graph
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Generalization and Flexibility
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Correlation
|

An Example

.

NJ !

B 2000 genes by 400 SR o 5
arrays with relatively e

fewer missing values.

B Pearson's correlation

coefficient.

B Average linkage
clustering trees.

B The basic gene
clustering structure
and array
(experiments)
grouping patterns can
be identified using
these tree sorted
matrix maps.

Ml ==

1
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Module: MV for Covariate Adjustment

(a) model data

\..

(c) sorted data

S

(d) covariate adjuated
and sorted data

i
i

Continuous pattern (Cx)
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adjusted for discrete pattern
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Mixed pattern (Cx+Dx)

" 4

Discrete pattern (Dx)

-

i B I -:.is-amﬁi s:r—p.r.i {0

adjusted for continuous pattern
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Module: Interactive Diagnostic System for Hierarchical
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Clustering Tree with Matrix Visualization i

(1) Input Proximity Matrix — slp (2) T ransformed Disparity Matrlx

Statistical Modeling ‘€
Multidimensional Scaling I
(MDS)
w'- " e ==
A SR
(e.g., Pearson's Correlation) et e (e.g., Distance) SRR

Stress

Hierarchical Clustering Tree

(e.g., Cophenetic Matrix) (HCT) (e.g., Residual Matnx) a%*

00020406 0.8 1.06

(3) Output Distance Matrix _> (4) Stress Matrix




GAP SOftwal‘e verison 0.2 8
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B Input Data Type: continuous or  Java
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. . &y Data .
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and clustering analysis. Ri——a- e

B GAF 1: Iris Dat

. VariOuS di Splay Conditions. B GAP 2 SAPSSANII550-Calame

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

2: SAPSSANSI9550-ColName [95x50]: 1

Colu.. [Ellipse Sorting
FaR"WONEE 333D

Statistical Plots HB - OEnEnG) |
B 2D Scatterplot, 3D Scatterplot !
(Rotatable)

rol Panel :Z:Z::Z::Z:Z::Z:ZZ:ZZ:Z:Z:Z:E
Data haps: ‘ Ry Data Matrix - Options

Color o
= [l 100
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Zoom 047

4] 1i [T
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http://gap.stat.sinica.edu.tw/Software/ GAP




Conclusion

MV is the color order-based representation of data
matrices.

A MYV displays provide five levels of information:
1. raw scores for every sample/variable combination;

2. an individual sample score vector across all variables,
and an individual variable vector across all samples;

3. an association score for every sample-sample and
variable-variable relationship;

4. a grouping structure for variables and a clustering effect
for sample;

5. an interaction pattern of sample-clusters on variable-
groups.

B A preliminary step in modern exploratory data analysis.
B A continuing and active topic of research and application.
B New generation of exploratory data analysis (EDA) tool.
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Related Works of MV .
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B Bertin (1967): reorderable matrix. -
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B Carmichael and Sneath (1969): taxometric maps. ——
.! ' ~ mu 5 T P
Clustering of data arrays: T e
B Hartigan (1972): direct clustering of a data matrix.

B Tibshirani (1999): block clustering. 4 o vors ot o010
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B Lenstra (1974): traveling-salesman problem. =T 7,
e

B Slagle et al. (1975): shortest spanning path. =

1
1P 3 1
3

Colour Representation:

B Wegman (1990): colour histogram.

B Minnotte and West (1998): data image.

B Marchette and Solka (2003): outlier detection.
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Related Works (conti.)
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Exploring proximity matrices only:

B Ling (1973): shaded correlation matrix.

B Murdoch and Chow (1996): elliptical glyphs
B Friendly (2002): corrgrams.

ADRMHR
ADR/100

Integration of raw data matrix W1th two proximity matrices

NORHR (OGN # ¢

B Chen (1996, 1999, and 2002): generalized association plots (GAP).

Reordering of variables and samples

B Chen (2002): concept of relativity of a statistical graph.

B Friendly and Kwan (2003): effect ordering of data displays.
B Hurley (2004): placing interesting displays in prominent positions.

and matrix visualization.

Matrix Visualization (MV): reorderable matrix, the heatmap, color histogram, data image

Auto data: Parualiing Price, MPG

Trunk FRep?? Gratio
Al Hroom Hepre

MPS Displa  Length
i Turn migl




Criteria for a good Permutatlon

Robinson
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Global criterion:
Anti-Robinson Measurements

pre-Robinson

ARG =Y [ X Iy <du)+ 3 I(diy > dig)]
AR(S]:E[ N I(dij < dig) - |di — dil + Y I(dyj >dﬂ,)-|d@j-dik|]=

AR(w) =) [ > I(dij <dig)lj—kl|dig —dig|+ Y I{dij > dig)|j—kl|dyy —dik|]-

n

i=1 j<k<i i<k
n

i=1 j<k<i i<j<h
P

i=1 j<k<i i<j<k

When T is symmetric, we usually want T’ to

approximate a Robinson form (Robinson (1951)).

7k

dij > dik

dij <dik

dij<di fj<k<i,

dij>da fi<j<k

Local criterion:
Minimal Span Loss Function

[ ]
]
[]
[]
]
[]
]
[]

n—1

MS=> d;

1=1
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Hierarchical Clustering Tree
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(Kaufman and Rousseeuw, 1990)

2 Single-linkage
°
xample: Average-Linkage D, ) = i s{distans 74
distance matrix Cluster ¢
a|/blc|d]e 4 —
—t o156 105 b Cluster s
b 0| 5|9 |8 ¢
c ol a5 d } Complete-linkage
d 0 [3) € levels D(r, s) = max; j{dis(z,, z,:;)}
. . S . .
* 0.0 2.0 3.0 4.5 7.83 Cluster r
Cluster s
{a,b}| ¢ d e 1
@b} 0 |Ba] 95 85| DUabhicd)=3Dc)+Db.c)
¢ 0 4 5 1 i - Average-linkage
d 0 3 = 5(6 +5) =55 U.PGMA — D ! S dis(zri, 74)
e 0 (Unweighted T
* Pair-Groups Clust
D({a,b}, {d e}) Method | €St
fa,b}| ¢ [{d, e} 1 Average) Clust
(@b} 0 [ 55 [[5.0] = 7ID(a,d)+D(a,)+D(b.d)+D (b, ) o
c 0 4.5 1
{d, e} 0 = 1(10"'9"'9"'8) =9 Centroid -linkage
L D(:r, 5) = dis(Cy.C,)
(@b} [{cd e} e
{a b} 0 7.83 Heter e
{c,d, e} 0
Cluster s
UPGMC
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