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Overview of cDNA Microarray Experiment 3132
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Histograms

The histogram shows:

1. center of the data (location)
2. spread of the data (scale)
3. skewness of the data

4. presence of outliers

5. presence of multiple modes in the data. -

©O. Bin origin at 120, bin widths of 20,
) -

A_ Bin origin at 125, bin widths of 20.
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Density Plots
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Box Plots
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The box plot can provide
answers to the following
questions:

m [s a factor significant?
m Does the location differ
between subgroups?
m Does the variation differ
between subgroups?

m Are there any outliers?

B Box plots (Tukey 1977, Chambers
1983) are an excellent tool for
conveying location and variation 1]
information in data sets, particularly -+ = | © |
for detecting and illustrating location  °| [ == =
and variation changes between 1= &=
different groups of data. A
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Further reading: http://www.itl.nist.gov/div898/handbook/eda/section3/boxplot.htm




Scatterplot and MA plot 7132

B Features of scatter plot.

€ the substantial correlation between the expression values in the two
conditions being compared.

@ the preponderance of low-intensity values. (the majority of genes are
expressed at only a low level, and relatively few genes are expressed at a
high level)

B Goals: to identify genes that are differentially regulated between two experimental
conditions.

B OQutliers in logarithm scale

@ spreads the data from the lower left corner to a more centered distribution in
which the prosperities of the data are easy to analyze.

@ casier to describe the fold regulation of genes using a log scale. In log2
space, the data points are symmetric about 0.

B MA plots can show the intensity-dependant ratio of raw microarray data.

Original basis Basis of M
x-axis (mean log2
£ M =log, (L) ey intensity): average
2 intensity of a

A:%l‘,gz(XY) M particular element

Y Iy

2 _ B . across the control

. .“; = linear Oligo ¢DNA =1 -51-:,-:3 T and Q)fperimental
2] _Eg;:. — 0255 X =PM,, X= Cy3 ] -\"l‘-' - conditions.
al ah Y=PM, V= Cys '
% w AR X =PM,; -MM,, ‘ : A"D » y-axis (ratio): ratio of
Y = PM,-MM. . e
X = the two intensities.

Volcano Plot

A volcano plot is a heuristic device that
arranges genes along dimensions of
biological and statistical significance.

—Log,, (p-value)

A volcano plot is helpful in identifying
significance and magnitude of change in
expression of a set of genes between two
Log2(Fold Change) conditions.

B A volcano plot displays the negative log of p-values from a t-test on
one axis and the log2 of change between two conditions on the
other axis on the scatterplot view.

B The researcher can then make judgments about the most promising
candidates for follow-up studies, by trading off both these criteria by
eye.
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Visualizing and Clustering
High-dimensional Data:

Dimension Reduction Techniques

@ Principal Component Analysis (PCA)

@ Biplot

€ Multidimensional Scaling (MDS)

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

Distance and Similarity Measure 10132

Data Matrix * Y

Cov x1 x2 %3 x4 X P

x1 068 048 D10 -0D10 -028

x2 o4e | 071 0.22 -023
x3 EIWEI 050 D.36 -003

x4 -0.10 022| 036 D44 0.0
Proximity Matrix

xp -0.28 | -023 -005 0.0 041

Pearson Correlation Coefficient
N oy — 3) (i — )
Ty — — -
Vaici (@i — )22 i1 (i — §)?

Euclidean Distance

= (z1,22, ., Tn)
dzcy -

y=(y1,y2, -+ Yn)

A

Data x1 X2 3 x4 ees X p
subject0q -048 {042 08F 082 -0.18
subject02 -0.39 | to.5g | 1.0 1.21 -0.33
subject03 087 | |02 (-0.9F 0.8 -044
subject04 187 1oq)| 12 0 -049
subject0s -118 {0Bg | 1201 162 0.16
subject06 0.04 | 1014 ( 091 0.8 -0.08
subject07 285 |044 (-0.4D -0.66 -0.38
subject0s -122 1074 134 150 0249
subject08  -0.73 | 11.06 |-0.79 | -0.02 0.44
subject10 -0.58 {040 | 0.1 0.58 0oz
subject11 -0.50 {042 | 06 1.05 0.06
subject12 -086 {029 042 046 010
subject13 -0.16 | (029 04F -0.28 -0.95
subject14 -0.36 {003 )|-008 -0.08 -0.25
subject1s -072 {085 053 1.04 0.24
subject16 -0.78 {062 0.2 0.20 048
subject17 060 1059 [ 041 045 -0.66
subject 1 -229 | 1064 | 07F 160 0.55

Imean 007 |-004 044 031 === 027

s The standard transformation from a similarity matrix C'

to a distance matrix D is given by d,, = (e, — 2¢,5 + €05) /2
= (Eisen et al. 1998) d.; = 1 —ey

»  Other transformations
(Chatfield and Collins 1980, Section 10.2)

Raw Data Matrix X
Dispersion Matrix S% = XX
Centered Data C =X —p
Covariance Matrix Xy = CT'C
Scaled Data Z = X—;/i
Correlation Matrix Ry = Z'Z




Principal Component Analysis (PCA)

(Pearson 1901; Hotelling 1933; Jolliffe 2002)
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PCA is a method that reduces data dimensionality by finding the new variables
(major axes, principal components).

PCA2

POA, <[ 4y
PCA; =[mX +oo¥

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, is retained in the smallest
number of dimensions.

pCAl &= (LMXl + G12X2 P 000 alep

PCA) = an Xy + a2oXo + -+ + a9pX,,

PCA: Loadings and Scores

[ =Y

Scores Matrix

1 2...k---p

}
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I ]

1
2
3
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Loadings Matrix

Th(3|ith principal (:()mp()n(znt|()fX is X v;, where v; is the|7th normalized eigenvector jof ¥y

corresponding to the sth largest eigenvaules.

Eigenvalues A\ > Ao > ... > A,

proportion =

k .
=1 Aﬁ

p .
=1 A'L




Interpretation of the PCA Results
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Microarray Data Matrix C G s
T T e PCA on Genes cree plot
genel01 | 045 042 087 | 092 035
gene002 | 039 | 058 | 1.08| 121 052 053 PCA for Cell Cyclo Data on Genes callpca
gene003 | 087 026 017 0.8 013 013 o
ene004 157 103 122 031 0.16 -1.02 N . 5 e
genel05 | -1.15 086 121 162 112 0.4 - e =
enel06 004 012 03 016 017 0.08 ‘ $162 =
ene0D7 | 295 045 040 0BG 053 076 o z -
nenel0s8 | 122 074 1.34 150 063 055 L N (7]
penel09 | 073 1.0 079 002 016 0.03 =
eneliD | 055 040 013 088 -0.09 045 3 o
3mm 050 -042 066 105 083 001 * g .
gene012 | 085 029 042 045 030 083 g . .
penel13 | 016 029 017 028 002 -0.04 & 4 ) £ +
gene014 | 035 003 003 005 023 021 . +
enells | 072 085 054 1.04 084 -0.64 : % -
genaDis | 078 052 026 020 048 027 R o [D
enedl7 060 055 041 045 018 -1.02 =
geneD1s | 020 067 013 0.0 038 005 v g e DJ:’DE
jenedia | 223 064 077 160 053 NE:) 2 0 2 . = o1 Comd  Coms  Come?  Gomps
genelz0 | 145 076 108 160 074 .70 15t PCA Compannet ==
erod—| 42—t : 4 o
gens022 | 0.1 013 041 080 0.3 0.13
qensese .
gene N | -179] 094 213] 175 023 0.5 . Loadings: Comp.1 (Comp.2 Comp.3 Compd4 Loadlngs Plot
Loadlngs alphal4 -0.283 -0.21 0283 0136
alphaz 0374 0211 -0135 -0.18 Loadings Plot
* Matl‘ix alphazs 026 0298 0161 -0.168 37 0
alpha3s 0102 0372 0165 -0.321 .
PCA on Conditions alphad? 0161 0355 02 -0317 ol “ .
alphadg 0287 0167 0116 -0515 .
alphast 035 0172 0274 -0.115 "
PCA for Cell Cycle Data on Conditions alphat3 0251 0258 -0.275 -037 5 s .
= alphat0 -0372] -0.217| -0382] -0.159 HEN
& o alphat? -0.253] -0.221] -0321] -0.32 o
alphags -0.249 -0437 -0309 -0.256 ]
e s . alphag 0115 0279 -0436 0.114 ", 0
g L] alphag 036 -0284 0186 -0138 .
g 4 alphat05 016 0257 0283 -0.125 s 0
H w o aphat12 | 0347 0319 -0.178] -0.276 ae 22 o0 02
b s alphat19 | 0348 -0164 -0.201  0.11 1npoa
[ 1 5 = summary {cell.pca)
ol ” Importance of components:
) Comp.1 Comp.2 Comp .3 Comp .4 Comp .5 Comp.15
T T T — T T T Standard deviation 2.3012110 2.0542795 1.3300507 1.00855544 0.90053289 0.308577283
+ N 2 ° ' ? N Proportion of Variance 0.330973Z 0.2637540 0.1105647 0.06362444 0.05068497 *** 0.003951246
o1 POA Compernet Cumulative Proportion 0.3300732 0.5047272 0.7052910 0.76891637 0.81060134 1.000000000

The Biplot: Scores + Loadings

(Gabriel 1971, 1981; Gower & Hand, 1996)
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The data matrix can be factored:

X = AB

Xnxp data matrix.

The purpose of the biplot is to show variables and
observations together, in a way that represents
graphically their joint interrelationships.

A, . the coordinates for the n observations points along k rectangular axes.

B, the coordinates for the p variables along the same k axes.

To obtain A and B, using Singular Value Decomposition (SVD)

X =UDV’

Apy: the n x 2 matrix of biplot coordinates for the observation points.
By the px 2 matrix of biplot coordinates for the variables.

Ay = UpDj

B[—g' V[Z'Dll;r
Ujy: the first two columns of U.
Vg the first two columns of V.
Dt the diagonal matrix formed bv the first two singular values.

Xpz = ApBly

Each row of Ay is plotted as a point in a two-axis coordinate system.
The rows of By are also plotted within the same space.
Goodness of fit measure I? (s, : singular values)
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K. R. Gabriel (1971). The biplot graphical display of matrices with application to principal component

analysis. Biometrika 58, 453-467.

J.C. Gower and D. J. Hand (1996). Biplots. Chapman & Hall.




Multidimensional Scaling (MDS) e

(Torgerson 1952; Cox and Cox 2001)
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MDS: Metric and Non-Metric Scaling 16132

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

P A

Goal of metric scaling Goal of non-metric scaling
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 Kk,
5 compute points x1,...,xn in B 5
S = d;: — dii)> ) ) - (d;; — dis
?Z((” dis) k-dimensional space such | Stress = iy iy : is)
7 that the object function is i dij
minimized.
=S Microarray Data of Yeast Cell Cycle
. 2D MDS ” . Synchronized by alpha factor arrest method
Configuration Plot - .. (Spellman et al. 1998; Chu et al. 1998)
for 103 known genes 1 : 103 known genes: every 7 minutes and
" totally 18 time points.




Clustering Analysis

What is Clustering?

Cluster analysis is the organization of a
collection of patterns into clusters based on
similarity. The problem is to group a given
collection of unlabeled patterns into
meaningful clusters.

Clustering Methods

m Hierarchical Clustering Algorithm
m Partitional Algorithm: k-means

= SOM

m Nearest Neighbor Clustering

m Fuzzy Clustering

m Artificial Neural Networks for Clustering

m Clustering Large data sets
m...

17 /132
Data types
* bi ? i
inary | discrete | continuous Data X
Data scales
* Qualitative: nominal | ordinal
* Quantitative: interval | ratio
Feature
Extraction
Patterns
Representations

sm"l?n.ty Measure
Proximity

l

‘ Grouping Algorithm ‘

Clusters Y

+ 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.

Clustering Analysis in Microarray

Experiments

Goals
B Find natural classes in the data

Identify new classes/gene correlations

[
B Refine existing taxonomies
[

Support biological analysis/discovery

Hypothesis:

B genes with similar function have similar

expression profiles

18 /32

cluster genes based on samples profiles Patients
B cluster samples based on genes profiles et




K-Means Clustering

B K-meansis a partition methods for clustering.
B Data are classified into k groups as specified by the user.

B Two different clusters cannot have any objects in common, and

the k groups together constitute the full data set.

19 /32

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.

W(C) = %Z S dyn)?

k=l C()=C(j)=k

Converged

2. 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 %Oo
@

move.

The choice of initial partition can greatly affect the final & e

clusters that result.

[ele]

Self-Organizing Maps (SOM)

m SOMs were developed by Kohonen in the early 1980's, original area was in the

area of speech recognition.

20 /32

m /dea: Organise data on the basis of similarity by putting entities geometrically

close to each other.

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.

Information Sciences

T. Kohonen

ARRAYS
Self-Organizing
Maps
& oo 1995, 1997, 2001

12x8=96%F
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f
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Input hode /mages:SClpath




Algorithm of SOM
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Step 0: Initialize weights w; (t). aLso 4 X 3 SOM

567 genes
Set topological neighborhood parameters N,.(t). ¢ "'

I

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

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

a. Finding a BMU: |x(f) — w.(¢)|| = min; |x(#) — w;(1)]

b. Learning process:

r T
wi(t) 4+ e (E) [ x(t) — wilt) . 7 € N(t)
wilt +1) i wy(t), 0.W.

=

e

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

ERIEN

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. LELE

Step 3: Keep doing Steps 1 and 2 for a sufficient number of iterations. "‘l/\. ) 7 "_’I//

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.

SOM - Initialization

Initialise with a
vector (weight)

N

Al nodes made
to have random
initialisations

Step 0: Initialize weights w;(t).

Set topological neighborhood parameters N,(t).

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

L/
LR

SOM initialization means to give each weight of the output node a random (or
determined) vector value. The dimensionality of the vector values put in must
match the dimensionality of the raw data! So if the raw data consists of 5
arrays, then the vectors must have 5 elements (dimensions).

Two examples of topological neighborhood.

o0 o 0 o o 9 0 O L - T T <
cle o ¢ ¢ o ¢ ¢ o e - N -
cle o ¢ o o ¢ o © oo o 0 0 000 o
oo (o (o o ¢ o o o CSC /S S0 O\ OO
oo lo |lo oc ol o o o o io (oo oced o o)
cle o e e o e o o DG NR NS 9 e/ 0D
cloe o o o o ¢ o o GO OoNe o oS0 0 o
co 0 0 0o o o o o o CNE © O TS0 O
fo T+ B« S+ B+ B N+ S + S +] [N~ T - S B < T« T« T B <]
. o ; o« ; .
"Ne(t) =1, alNe(t2) =2, =Ne(la) =3, 41 <ta <ty




Neighborhood Functions 23132

WINHER HODE . . . g .
The winner node's weight is modified such that it

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

T Heighbourhood
size =2

The neighborhood value has a two-fold character -

Influence of . . . .

neighbourhood a size and a function of distance to influence. One
could even define a further third character - the

shape of the neighborhood (in this case, a square

o - highlighted in blue).
\ The peak of the Gaussian function
would be the location of the winner

node. As one moves out from that
location, the rvalue decreases.

e
Distance from winner

|

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

Neighborhood Functions and Learning Rate

/ R
|
/ \ { .
[\ | AU
/ |
\ B T °
e e
Different neighborhood functions. From the left Different learnine rate functions:
'bubble’ fiei(t) = Loy — des), *linear’ (solid line) a(t) = ag (1-/T),
’gaussian’ h(t) = fg*ﬂf./l’&'?1 'power’ (dot-dashed) a(t) = ag(0. DDsfan)W and
> cutgauss’ hei(t) = e %/2 (g, — d,;), and *inv’ (dashed) e(t) = ap/(1 4+ 100¢/T), where T

rep’ hes(t) = max{0,1 — (o — dg;)?}, where is the training length and g is the initial learning rate.

o; is the neighborhood radius at time ¢,
d.; = ||re — ry]| is the distance between map units ¢ and ¢ on the map grid
1(zx) is the step function: 1(z) = 0ifz < 0 and 1(z) = 1ifz > 0.

The neighborhood radius used is o¢ = 2.
Source from Technical report on SOM Toolbox 2.0 for Matlab.




Possible Parameters used in SOM Analysis s 132

1. Grid dimension: 2D, 3D

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

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

4. Neighborhood function: Bubble kernel, Gaussian kernel, ...
5. Neighborhood size: radius of N,(t)

6. Learning rate function: o(t)

7. Initial weights: random, use input vector

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

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

U-matrix: Unified Matrix Method

(Ultsch and Siemon 1989, Ultsch 1993)
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U-matrix representation of SOM

b

visualizes the distance between the B A &=
neurons. The distance between the T =+ e
adjacent neurons is calculated and T ¢

|

presented with different colorings
between the adjacent nodes.

1

»

& a

L3
iy
>

U-matrix representation of the SOM

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

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

d(z,y): [6(x,y) — bz + 1,)| = /Zi[wi(z,y) —wilz + Ly)P
dy(z,y): |blz,y) — blz,y +1)| = \/Zi[wi(z,y) —wi(z,y + 1)]?
Gy sy dey (z,y): %[Ilh(x»y)*h\(/?-zjl,ﬁl)\l + II-'?(w»erl)‘;zf(erl,y)H]

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

—




The Bioconductor o7 132

Package . -
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Concept of Manifolds and Nonlinearity ..

B A manifold is a topological space which is
locally Euclidean. (i.e., around every point,
there is a neighborhood that is topologically
the same as the open unit ball in ).

B In general, any object which is nearly "flat"
on small scales is a manifold.

B Euclidean space is a simplest example of a
manifold.

B More formally, any object that can be
"charted" is a manifold.

B Intuitively, a manifold can be considered as
a “"nice" topological space that behaves at
every point like our intuitive notion of a
surface

B Manifolds arise naturally whenever there is a
smooth variation of parameters [like pose of
the face]

(b) sample data

S-Curve data set.

(a) manifold (b) sample data
B The dimension of a manifold is the minimum
integer number of co-ordinates necessary to
identify each point in that manifold.




Isometric Mapping (isomap) 2192

Isomap finds the projection that preserves the global, nonlinear geometry of the
data by preserving the geodesic manifold interpoint distances.

- For neighboring points Euclidean Algorithm of Isomap (Tenenbaum et al., 2000)
distance is a good approximation to the
geodesic distance. 1. Calculate the distance dx(i,j) between all pairs i, from n

. . . data points in the p-dimensional input space.
- For farway points estimate the distance P nmer ' put sp

by a series of short hOpS between 2. Construct the graph by determining the neighbors for each
neighboring points data point with e-Isomap or k-Isomap.

- Find shortest paths in a graph with 3. Pursue the shortest paths in the graph G.

edges Connecnng ne|ghbor|ng data Initialize (ch(i,j) = (14\’(i,j) if ¢, j are neighbors; otherwise, set

points d¢:(i,j) = oco. For each value of [ =1,2,---,n and for all i, 7,
: de(i, j) are replaced by min{dg (i, j), da(i,1) + da(l,5)}.

- Once we have all pairwise geodesic
distances use classical metric MDS

4. Apply classical MDS to Dg.

What is important
is the geodesic
distance!

shortest
path
—

Tenenbaum, J. B., Silva, V. de, and Langford, J. C. (2000). A Global Geometric Framework for Nonlinear
Dimensionality Reduction, Science 290, 2319-2323.

Example 32132

Vol 20 na. 6 2004, pages 874-880

Ilymphoma dataset e

Alizadeh e7 al. (2000) % Approximate geodesic distances reveal
96 samples gmgs biologically relevant structures in microarray data
|

Jens Nilsson™*, Thoas Fioretos?, Mattias Héglund? and
Magnus Fontes’

" Centre for Mathematical Sciences, Lund University, Box 118, SE-221 00 Lund,
Sweden and 2Department of Clinical Genetics, Lund University Hospital,
SE-221 85 Lund, Sweden

854 genes

9 diagnostic classes
defined by Alizadeh et al. (2000).
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