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Exploratory Visualization Methods

Principal Components Analysis (PCA)
Multidimensional Scaling (MDS)

Dendrogram and HeatMap (Matrix Visualization)

Analysis of Relationship Between Genes, Tissues or
Treatments

Hierarchical Clustering, K-Means Clustering
Self-Organizing Maps (SOM)
How Many Clusters?

Classification of Genes, Tissuesor Samples

Linear Discriminant Analysis (LDA)
Support Vector Machines (SVM)

Software




(Pearson 1901; Hotelling 1933, Jolliffe 2002)

PCA is a method that reduces data dimensionality by finding the new variables
(major axes, principal components).

Image source: 61BL4165 Multivariate Statistics, Department of Biological Sciences, Manchester
Metropolitan University
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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.
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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.
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Microarray Data Matrix
PCA for Cell Cycle Data on Genes
MA Table exp01  exp02 expl3 expld expls expees expp
geneOD | 048 -042 | 087 | 092 D&/ -0.35 . .
geneO02 | 033 058 1.08 121 052 0.58 ma Table| PCA-1 PCA-2 PCA—3| & —as | -
gene003 | 087 025 017 018 -013 -0.13 genein] -0.18 -0.11 -0.03 Cumulative Sum of the Variances:
geneDDd | 167 103 122 031 016 -1.02 genedD2 051 053 0.54 ol
geneDDS5 | 116 086 121 162 1.12 -0.44 geneln3 -0.35 -0.39 0.26 s
geneDE | 0.04 012 031 046 017 0.03 genelid -0.18 -1.08 0.41 2 4 1 18.371%
gene0l7 | 296 045 040 -0FE 059 076 genedls -0.62 08 0.13 &8 _ |+ 2 89.2140
genellE | 122 074 134 150 063 oz | = genel0B | 0D3 | 023 077 — | o1 3 093.4357
geneon | 073 -106 | 072 002 016 0.03 gened0? 0,35 032 1.08 E . e .
gene010 | 058 -040 013 058 -0.09 045 gene008 08 1.5 1.03 ) e, ) 4 96.0831
gene011 | 050 -042 | 0OBE | 105 DFB 001 genslls AR 0.45 0.41 ] 5 08 .3283
gene012 | 086 -029 | 042 046 030 -0.63 gene010 0.12 .03 01 6 99 3203
gene013 | 016 029 017 028 002 -0.04 genenT] -0.28 -0.44 213 .
genell4 | 038 -0.03 | 003 -008 -0.23 -0.21 geneli2 045 023 0.52 v ; ; 7 100.0000
gene015 | -072 0B85 054 104 D084 -0.64 gene013 0z 043 044 i g
genel16 | 078 -052 026 020 048 0.7 genel14 0.03 026 068 "™ This shows that almost 90% of the
gened1? 060 055 041 045 018 -1.02 gene015 07 .75 ns . .
genel16 | 020 067 013 0410 038 0.05 genel1B | 0B 007 004 variance 18 accounted for by the
gened19 | 229 064 | 0OF7 160 0453 -0.38 genell? 023 0.7 0.01 first two principal Components_
gene020 | 146 076 103 180 D074 -0.70 geneg 01 01 0.11
gene021 | 067 042 103 135 O0F4 -01.40 genel1o 094 07 0.24
genefl22 | 011 013 041 D80 0.23 L QEElEn -0.55 0.53 0L 2 Principal Component Scatter Plot with Colored Clusters
geneess gened21 -0.47 087 02 B
gene N | 179 094 213 175] 0.23 -0.66 fenel22 034 11 0.51 YGELIBAC P
HENEess -0.49 02 0.91 el 2
gene N -0.15 -1.04 -0.01 -
( JGL13BC 1
. " i = 5
E 3
5 3t » JfMR0GW
PCA for Cell Cycle Data on Conditions MA Table expll_expl2 exp03d expDd expl5 _expess exp P g .
- Lok T
w PCA-1| 018 03 012 044 019 039 061 -2 2t . ‘é o GRO43C
o - 8 e -
= e wa *
. . * PCA-2| 016 -055 -043 022 083 0B 008 i;é 1L . JNLDBTW ) *Were, .,
- H LI ]
T PCA-3| 016/ 044 053 -123 -DB2 0B2 13 B - se *
‘ =9 -w?;! ’ 0
g 16 = 2 At - ;'.“ T .0
e : - : oo™ ;
1" . .
0 2 B Yeast Microarray Data isfrom 3l YPLZIIW Ll *
Ty DeRisi, JL, lyer, VR, and Brown, PO.(1997). o DRDIZC
N — "Exploring the metabolic and genetic control of gene 35 i = £ 4 i 4 ]
SO e E expression on a genomic scale"; Science, Oct Fitsii Pringisal Compansdt
et PeR Compernet 24;278(5338):680-6.
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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 dissimilarities.
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projection from some
unknown dimensional space
to 2-d dimension.
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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

P A

( ;

the Euclidean distances between these
points approximate the entries in the

dissimilarity matrix?

(

/II

the order in distances coincides with
the order in the entries of the
dissimilarity matrix approximately?

S == Z(ﬂ?ﬂ,j — d,ij)g
1,7

Microarray Data of Yeast Cell Cycle
Synchronized by alpha factor arrest
method (Spellman et al. 1998; Chu et al. 1998) 62 (caP 2) g e oA

103 known genes. every 7 minutesand

totally 18 time points.

2D M DS Configuration Plot for 103 known

genes.

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

object function is minimized.

M
(Mitosis)

/ G1 (GAP 1)

S phase

(DNA Synthesis) Cells that

cease division

Stress =

¥, (dij — dij)?

2
Z?,j‘ d,;,

- Microarray Data of Yeast Cell Cycle : i‘g@z
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A B C D E F G H I . 5
1 -137|-230| 180 -0.55| 245|-013| 149 303 248 max. 7.07 ma 7.07
2 -068|-211|-342| 467 457 175 081 092| 252 707 7.07
3 -119|-249 -366] 314 | 170 320] 333 202| 248
4 -193[-228 -a16] 251 032 149 021 220 1.03 8.22 4.84
5 -221|-079 -3.29] 255| 244 145 268 303 019
§ -414|-201 -164] 321] 037 193] 014 127] 267 137 2 61
7 021|136 -044] 222] 185 311 203 067 240
§ 113| 079 225[ 365| 252 209 113 -259| 067
9 095| 233 -007] 389 | 272 213 175|-217-0.90 1.83 0.0
10 304| 185 021 7.07] 201| 305 076 -258-1.04
11 -1.02| 165 153 095] 060 342 252 -077 [-140
12 121] 024 104 250 369 181 398 -033] 011 -0.32 -1.86
13 174] 160 170 2.02] 345| 445 269 041/-008
14 134] 108 006 181] 290| 364 304 048[-233 217 400
15 057| 181 047 140] 270| 099 082 -161[-256 = o
16 061| 422 203 -261|-4.00 | 464 | 202 155[-0.71
17 -113] 164 001 -177]-285| 124 | 341 -058 | -1.64 Y 707
18 -0.86|-1.17 | 041 220130 | -237 | -141 008/ 025 :
19 075 066 104 426 141 -390 -353 317 034 ik -4.54 min:-7.07
20 015| 068 318|-28 | 201 -318] 158 010 1.28

Gene Expression
B

?gguqlléte d no differential Up-
expressed regulated
eX]

0l 02 03 04 05 06 07 08 09 08 04 0Z 0 09 05 03 07 0Ol
gqene-01 gene-0&
gqene-02 gene-20
gqene-03 gene-13
gqens-04 gene-11
gqene-05 gene-10
gqene-085 gene-14
gqene-07 gene-09
gqene-08 gene-05
gqene-09 gene-12
gqene-10 gene-04
gene-11 crene-07
gene-12 rene-08
gene-13 ene-19
gene-14 ene-17
gene-15 ene-0Z2
gene-L1e ene-18
gene-17 rene-03
gene-18 ene-16
gene-19 ene-15
gene-Z20 rene-01
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Cluster analysis is the organization of a collection of patterns J’
into clusters based on similarity. The problem is to group a —
given collection of unlabeled patterns into meaningful Extraction

clusters.
Patterns

HlerarChlcaI C|USter|ng / \ Representatjﬂns
The result is a tree that depicts the relationship® O
between the objects.

Similarity Measure

Divisive clustering: / IR \ Proximity
begin at step 1 with all the data in one cluster. 0000
Agglomerative clustering:

all the objects start apart., there are n clusters atstep) O (e o o O o - Aleorith
. . o o o rouping gorithm
o | N
Non-Hierarchical clustering O O
k-means, The EM algorithm, K Nearest \ / Clust'ers Y

Neighbor,...

Dimension Visualization
Reduction Graphics Methods

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.
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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

"
xP|-02 -023 005 010 1.00
T Y >
|

Data %1 P 3 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 -1.15 1088 | 1.2 1.62 0.16
subject06 004 0124 | 0.3 016 -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 1055 | 04 0.45 -0.6B
subject F1 | -229 (064 [ 0.7F | 180 0.55
| mean 0.07|-0.04| 044 | 031 [ ==+ |-0.21

>z —7)(yi — 7)

rr.m'y — - —_
V21 (@i — )V 2 i1 (yi — )?

T = (mlpm% 6 GoC ’{L'n)

y=(y1,92, s Yn)

dx*y =

mn

D (@i — yi)?

i=1

\/(3?1 =)’ + (72 — 32)?

(z1,72)

» The standard transformation from a similarity matrix C

= (Eisen et al. 1998) d,

. e . . ) . 1/2
to a distance matrix D is given by d.s = (¢ — 26,5 + C45) i

Other transformations

(Chatfield and Collins 1980, Section 10.2)

— Crs
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Similarity

Formula

0
Kendall's tau

Pearson correlation

covi( x,,x;)

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

Two pairs of observation (z;,y;) and (z;, ;) (7, is ranked x,)

Spearman correlation

cov(r,r,)

D et v

Kendall’s Tan

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

>, sign [(x,-

1
S(I,J)—(p—)k 3
P )is

X )% 5= % )]

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

e tie:

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

E, : extra z pair in y's: (y; —yi) =0

C-D
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.

'fl:' g

—

O s #% adioge -
'

{a) positive linear
correlation

{b) negative linear
correlation

(¢) nonlinear
relationships

-{’o
)
'V o
[}

ogﬁn%’- "

L o
”
448
5 o

-

(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).




(Kaufman and Rousseeuw, 1990) ?/

- " UPGMC (Unweighted Pair-Groups Method Centroid)

Single-linkage

Centroid -linkage
D(r,s) = dis(C, ,Cy)

Average-Linkage

D(r, s) = min, j{dis(zy. z5;)}

S8 MO el Ol Cluster r
a 0 Z2 6 | 10| 9 cl
b 0ol 5] 9] sg uster r
c ol a3 Cluster s
d 0|3 Cluster s
e 0

Complete-linkage

1
o o T a o] DUabhich=3Dac)+ Db ) = maw; {dis(ars, 7.5))
(ab}| 0 |[55]] 95 | 85 .
. 0 4 5 5(f: +5)=15.5 Cluster r
0 3 -
e 0 Cluster s
} D({a,b}. {d.e})
1
fab}| ¢ |{d e} = ;1D(a,d)+D(a. e)+D b, d)+D (b, e) UPGMA (Unweighted Pair-Groups Method Average)
{ab}| 0 | 55 |[9.0] . :
c 0 | 4.5 = 7(1049+4948) = A‘-'e'"ﬂ_qe |'"kﬂ9§ .
{d, e} 0 ZZC’TE% (Tri, Ty )
a — nen,
\ b
c Cluster r
et T —
{a, b} 0 7.83 ¢ level Cluster s
{ec, d, e} 0 . R . . CVEIS Only shown
0.0 2.0 3.0 4.5 7.83 for 1 cases
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Proc. Natl. Acad. Sci. USA
Vol. 95, pp. 14863-14868, December 1998
Genetics

Cluster analysis and display of genome-wide expression patterns

w

MicHAEL B. Eisen®, PauL T. SPELLMANT, PATRICK O. BROWNT, AND DAVID BOTSTEINT £

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 Fic. 3. To demonstrate the biological origins
culture and were deprived of serum for 48 hr. Serum was added back of patterns seen in Figs. 1 and 2, data from

and samples taken at time 0, 15 min, 30 min, 1 hr, 2 hr, 3 hr, 4 hr, 8
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

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 stait  iElustered wEnComl randoms agdentd

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
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 (A4) cholesterol
g biosynthesis, (B) the cell cycle, (C) the immediate—early response, (D)
signaling and angiogenesis, and (E) 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.

w
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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. Optimization problem:

Minimize the sum of squared within-cluster distances

The K-Means Algorithm _ 1
& wEe)= - de (%, %,)?
. . k=1 C(i)=C(j)=k
1. The data points are randomly assigned to one of Converged
the K clusters. -
- * @
2. The position of the K centroids are determined s * . L T R
o ey . L 4
(initial group centroids). ¢ e e
' « A . (= 3 .
3. For each data point: . . o ° .® o
. @
. . »
e Calculate the distance from the data point to . s * %,
* » * &
each cluster.
@ @
@1 & & 1 el ) 1 & LA 1 oo
e Assign data point to the cluster that has the .+ * O .
closest centroid. ° ®
. . © o
4. Repeat the above step until the centroids no longer e g o %% %7 e .
[ & Lo
move. o =
o
The choice of initial partition can greatly affect the final L ‘90 @ @ .
o
clusters that result.
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Data S855555% : :
Baseline: Culture Medium (CM-00h) 1313334 K-means Clustering
OH-04h, OH-12h, OH-24h I Log ratio (M)
CA-04h, CA-24h . : 3
S0-04h, SO-24h I

W 26 W 43

A set of 359 genes was selected
for clustering.
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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.

A M.,

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.

5x 3 output node

Step 0:
Initialize weights w;(t).
Set a(t) and hy(t).

Learning process:
i € N(t)
Wi(t) + ha () [ x(t) — wilt) ]

w;(t), o.w.

ik

B S R

)

Data Matrix

Table X01  X02 | X073 vee XP
ohs 001 | 045 -042 087 036
obs002 | -039 058 108 058 k‘/\
ohs 003 | 087 025 017 o3| — ™
obs004 | 167 103 122 .02
ohs 005 | <115 086 1.21 044 X0l ees XP
obsO05 | 004 012 031 0.05 .
obs 007 | 295 045 040 078 input node
obsO05 | 122 074 134 058
ohsO03 | 073 106 079 003
obs010 | 088 040 013 045
ohs011 | 080 042 066 001
obs012 | 086 029 042 DE3
ohs013 | 016 029 017 004
ubs Ty
obs N | 179 094 213 -0

Lol

Incrementally decrease
the learning rate and
the neighborhood size,
and repeat




6" $

Step 0: Initialize weights w;(f).

Set topological neighborhood parameters N,.(t). o1 0 =0y |

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

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

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

b. Learning process:

( : r
B wi(t) + ha(t)[ x(t) — wi(t) ], i € N(t)
Wi(t -+ 1:] - i w; [:t), OW.

¢. 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.

B

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.
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% ' K is defined by the application.

% "' Plot thedatain two PAC dimensions. %' Hierarchical clustering:

- look at the difference between levelsin the tree.
. 4 Dendrogram
g sod : 3 |
PCA-2 A e
FETDR I AR i
(e.g., k-means: T
PCA-1 within-cluster sum of
squares)

1 ) - - Calinski and Harabasz (1974): CH(k)
%' Plot thereconstruction error or log likelihood as | Hartigan (1975): #(k)

afunction of k, and look for the elbow. Krzanowski and Lai (1985): KL(k)
S reconstruction Kaufman and Rousseeuw (1990): s(i)
g likelihood error

J. R. Statist. Soc. B (2001)
$ 63, Part 2, pp.411-423

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

/ / Rober Tibshirani, Guenther Walther and Trevor Hastie
Stanford University, USA

1 234 56 7 8 9 k 1 234 56 7 8 9 k




Alm: predict Y from X
New Data

Y R

= classifier2

B

classifier |

nne 3

Training Set

A B &
-

C Test Set

A B
I

Possible to
1. classification for genes
2. classification for samples (arrays)

Lag
b

Gene Classification rule
Selection A B C =
Methods ~ SEEEEEE -~ ctrict SVM
num - s || .. iR
most predictive . i
50 genes
= Assign
= class labels
L

predicted ——  m——————————
classification error prediction error

true ——  ——— =
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LDA (Fisher, 1936) finds the linear combinations xa of the gene
expression profiles x = (x1,..., Xp) with large ratios of between-
groups to within-groups sum of squares.

Genes (variables)

I Ti2 ... J'lp
Iaq Taa ... ,E'QP mRMNA
samples A
(observations) %
Tpl Tp2 .. pp -
X
. . " m?
}i[” < pl data matrix. Aim : Max (a'Ba/a'lWa)
a

Xa :linear combination of the columns of X. L

! AT i . . . C .

a'Ba/a'Wa: ratio of between-groups to within-groups sum of squares. 142

Bp x p] + matrices of between-groups sum of squares.

W H1

V " =0 -0 P T i \:u . !

H[p % ] matrices of within-groups sum of squares 5, .
Seolution:
The matrix W' B has at most s = min(K — 1. p) non-zero eigenvalues.
Al = A = ... = Ag, with corresponding linearly independent eigenvectors vy, va. ... V.
The discriminant variables v, = xvy, [ = 1,... . s.




-

Fisher’s linear discriminan' |
IS optimal if the classes are
normally distributed. . m,

After projection, for the twc

1,

classes to be well separate

. H2

we would like the means tc 2

be as far apart as possible | ot

and the examples of classe e .

be scatteres in as small a
Classification Riles:
For an observation x = (xy,... ,2,) The predicted class for observation x is
di(x) = ((x — I’EHW}E Cix, L) = argmin,, di{x),

the class whose mean vector is closest to x

denote its (squared) Euclidean distance, in the space of discriminant variables,

in terms of the diseriminant variables,
from the 1 x d vector of class k averages X for the learning set L.
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Lymphoma dataset

6 (

three most prevalent adult lymphoid malignancies AZEMEIER

B-cell chronic lymphocytic leukemia (B-CLL)

follicular lymphoma (FL)
diffuse large B-cell lymphoma (DLBCL)

1 O cases

143 cases

29 cases BififEteMMEMSE A IK

TRVEAIM R
A BHEME RS

gene expression data for p = 4,682 genes in n = 81 mRNA samples.

Gene selection

For a gene j

BSS5(3) 222k L{yi = k)(Zk

WSSG) ~ Soselly = k) tw

32

— T
Tj)?

T ; denotes the average expression level of
vene j across all samples.

Ty; denotes the average expression level of
gene j across samples belonging to class F.

Select
the p genes with the largest BSS/W.SS ratios.

Lymphoma data: Linear discriminant analysis, p=50 genes

1
o | 3
[=] 3
1 3
1 1 3
1 1 i1 1 3 : 3
1
11)11 3’.‘%% % g o
et} ! 11 4 1 %‘E 3
& il 1 >
= 1 3
LR
=
(1]
=
E
|51
A
h=]
o
=
g w
& S
1 B-CLL
2 FL
3 DLCBL s
2
2
K 2 )
o . 22
'7 | | | | | | |
& G -4 2 0 2 4

First discriminant variable

Dudoit S., J. Fridlyand, and T. P. Speed (2002). Comparison of discrimination methods
for the classification of tumors using gene expression data. JASA 97 (457), 77-87.
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Kernel Machines

Multi-class problem

Software

SVMTorch, Collobert and Bengio, 2001
LIBSVM, Chang and Lin, 2002




$

Brown et al. (2000). Knowledge-based Analysis of Microarray Gene Expression Data Using Support
Vector Machines, PNAS 97(1), 262-267.

Assume: Genesof ssimilar function yield similar expression pattern.

Data

Yeast Gene Expression
[2467x 80] out of
[6,221x 80] has
accurate functional
annotations.

Kernel Machines:
http://www.kernel-machines.org

Support Vector Machines:
http://www.support-vector.net

MATLAB Support Vector Toolbox:
http://www.isis.ecs.soton.ac.uk/resources/svminfo
SVM Application List:
http://www.clopinet.com/isabelIe/Projects/SVM/appliist.html
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Statistical Analysisand Visualization

Freeware/Shareware
Cluster and TreeView

The Bioconductor
GAP

Commercial
Matlab: Bioinformatics ToolBox
GeneSpring




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 1.5 (2004-11-01)
http://www.bioconductor.org

R version 2.1.0 (2005-04-18)
http://www.r-project.org
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(R package)
http://cran.r-project.org/src/contrib/Descriptions/gclus.html
Catherine B. Hurley, (2004), Clustering
Visualizations of Multidimensional Data, Journal of
Computational & Graphical Statistics, Vol. 13, No.
41 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.
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Generalized Association Plots
Input Data Type: continuous or
binary.

Various seriation algorithms
and clustering analysis.
Various display conditions.

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
Information Mining.

Web Site
http://gap.stat.sinica.edu.tw/Software/ GAP
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http://www.mathworks.com/access/helpdesk/help/toolbox/bioinfo/index.html
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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




http://ihome.cuhk.edu.hk/~b400559/ http://www.affymetrix.com

http://bioinformatics.oupjournals.org http://www.nslij-genetics.org/microarray/

Stekel, D. (2003). Speed Group Microarray Page: Affymetrix data analysis

Microarray http://www.stat.berkeley.edu/users/terry/zarray/Affy/affy index.html
bioinformatics,

New York : Statistics and Genomics Short Course, Department of Biostatistics Harvard
Cambridge School of Public Health.

http://www.biostat.harvard.edu/~rgentlem/Wshop/harvard02.html

University Press.

Statistics for Gene Expression
http://www.biostat.jhsph.edu/~ririzarr/Teaching/688/

Bioconductor Short Courses
http://www.bioconductor.org/workshop.htm

Microarrays and Cancer: Research and Applications
http://www.biotechniqgues.com/microarrays/




