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Overview of Microarray Data Analysis
Graphical Presentation of Side Data and Some Statistical Pl
Preprocessing: , Normalization '
Finding Differentially Expressed Genes

Fold Changes Method

Exploratory Visualization Methods
Principal Components Analysis (PCA)

Multidimensional Scaling (MDYS)
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, Tissues or Samples
Linear Discriminant Analysis (LDA)
Support Vector Machines (SVM)
Software
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Microarray Data
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Verification and
Interpretation

? Biological Questions

1. Differentially expressed
genes

2. Relationships between
genes, t1ssues or treatments

3. Classification of tissues
and samples
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1/2h adjusts the height of each bar so that the total area
enclosed by the entire histogramis 1.

The area covered by each bar can be interpreted as the
probability of an observation falling within that bar.

Disadvantage for displaying a variable's distribution:
selection of origin of the bins.
selection of bin widths.

the very use of the binsis adistortion of information
because any data variability within the bins cannot be
displayed in the histogram.

A, Bin origin at 125, bin widths of 20. B. Bin origin at 120, bin widths of 5. C. Bin origin at 120, bin widths of 10.
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Figure Scurces: Jaccby (1997).
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Density Plots

density(x = x[. 1], from = 4, to = 16)

N= 131822 Bandwidin = 0.1128

density(x = y[, 1], from =4, to = 16}
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Box plots (Tukey 1977, Chambers
1983) are an excellent tool for
conveying location and variation
information in data sets, particularly
for detecting and illustrating location
and variation changes between
different groups of data.

Arabidopsis-CelllAG.COF :
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The box plot can provide
answers to the following
guestions:

|s afactor significant?

Does the location differ
between subgroups?

Does the variation differ
between subgroups?

Are there any outliers?

Further reading: http://www.itl.nist.gov/div898/handbook/eda/section3/boxplot.htm
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Featur es of scatter plot.

the substantial correlation between the expression values in the two conditions

compared.

the preponderance of low-intensity values. (the majority of genes are expressec
only alow level, and relatively few genes are expressed at ahigh level)

Goals:. to identify genesthat are differentially regulated between two experimental

conditions.

Outliersin 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.

easier to describe the fold regulation of genes using alog scale. In log2 space, the
data points are symmetric about O.

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

Original basis
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x-axis (mean log2
intensity): average
intensity of a
particular element
across the control
and experimental
conditions.

y-axis (ratio): ratio of
the two intensities.
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Multiple-laboratory comparison of microarray platforms &

Rafael A Irizarry!, Daniel Warren?, Forrest Spencer*, Irene F Kim?, Shyam Biswal®, Bryan C Frank®,
Fdward Gabrielson’, Joe G N Garcia®, Joel Geoghegang, Gregory Germino?, Constance Griffin'®,
Sara C Hilmer!!, Fric Hoffman!!, Anne E Jedlicka!?, Frnest Kawasaki®, Francisco Martinez-Murillo!3, NATURE METHODS | VOL.2 NO.5 | MAY 2005 | 1
Laura Morsherger'”, Hannah Lee”, David Petersen’, John Quackenbush®', Alan Scott'?, Michael Wilson'*!7,

Yangin Yang’, Shui Qing Ye* & Wayne Yu'®
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Figure 4 | CAT plots showing agreement in differential expression calls, based on fold change, between each lab and a reference lab. (a-c) The different line
types represent the individual labs, and the three colors represent the different platforms as in Figure 2b. The black curve is the CAT curve comparing replicates
from the reference lab. (a) CAT plot using data from the best-performing Affymetrix oligo lab as the reference. (b) CAT plot using data from the best-performing
two-color cDNA lab as the reference. (c) CAT plot using data from the best-performing two-color oligo lab as a reference.

Correspondence at the top plot
Nick Cox’s catplot (Cox 2004): Stata module for plots of frequencies, fractions or percents of categorical data.

SAS:e;iI' he catplot macro is designed to plot observed and/or predicted values for logit models fit by the CATMOD
procedure.
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Assume Microarray Image has been processed appropriately.

Ensurethat the data is of high quality and suitable for analysis,
Removing Flagged Features

Background Subtraction Quantification of Expression
Taking Logarithm Red intensity (Cy5) = Rfg - Rbg . log2 ratio
Green intensity (Cy3) = Gfg - Gbhg = Log2{Cy5/Cy3)
What isnormalization? cDINA microarray red vs green intensities
Non-biological factor can contribute to the variability of data, in order ) lincar 1 #{"s N EA
to reliably compare data from multiple probe arrays, differences of : / J
non-biologocal origin must be minimized. ] i
-~
Normalization is a process of reducing unwanted variation across
chips. It may use information from multiple chips.
XY log, (X/Y)
Why nor malization? ;1\ N
Normalization corrects for overall chip brightness and other factors [\ log [\
that may influence the numerical value of expression intensity, | “\% — |/ \\
enabling the user to more confidently compare gene expression 01 10000 42024
estimates between sampl es.

Main idea of the normalization

Remove the systematic bias in the data as comp letely possible while preserving the variation
in the gene expression that occurs because of biologically relevant changes in transcription.

Basic Assumption

1. The average gene does not change in its expression level in the biological sample being
tested.

2. Most genes are not differentially expressed or up- and down-regulated genes roughly
cancel out the expression effect.
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L oess normalization (Bolstad et al., 2003) is based on MA -

plots. Two arrays are normalized by using alowess Loess regression
smoother. {locally weighted polynomial regression)
Skewing reflects experimental artifacts such asthe N s
contamination of one RNA source with genomic DNA ¥ B g
or rRNA, | / A /H\.
the use of unequal amounts of radioactive or fluorescent
probes on the microarray. . +

Skewing can be corrected with local normalization: fitting a
local regression curve to the data.

1. Forany two arrays 7,j with probe intensities xy; and xy;
where & = 1..... p represents the probe

2. we calculate
M, = log, (rgi/xr;) and Ay = %lugz (ThiTrj).

3. A normalization curve is fitted to this M wversus A
plot using loess.

Loess is a method of local recression
(see Cleveland and Devlin (1988) for details).

4. The fits based on the normalization curve are M},

5. the normalization adjustment is M, = M, — M.

6. Adjusted probe intensites

: At M YA g —
are given by =}, = 24T and 2}, = 24x—=,
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Within-array Normalization

$

Subject be used for estimating normalization curve

Loecation Normalization

Method

allGenes

Print-tip ¢

2D Location (x,y)

1 SelectedGenes

Controls, Housekeeping, MSP, Invariant sui.]::
g 3

constant

global normalization
N=M-c¢

¢ : mean, median

print-tip normalization

N=M-g

loess

loess, spline,...)

{Robust scatterplot smoother:

global loess normalization
N =M —¢(A)

¢ : loess curve

print-tip loess normalization

N =M - ¢(A)

2D loess normalization

N =M — e(x,y) — e(A)

Scale Normalization

MAD

global scale normalization
N=sxM
s = 1/mad(A)

print-tip scale normalization
N=sgxM
g; = L/mad;(A)

STD

standardization

N =M — ave(M)/std( A)

Between-array Normalization

Scale-normalization: scaling of the M-values from a series of

arravs 20 that each array has the same

MAD =median|M — median( M)

Paired-array Normalization (Dye-swap)
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Yang YH, Dudoait S, Luu P, Lin DM, Peng V, Ngai J, Speed TP. (2002), "Normalization for cDNA microarrz
a robu(st)composte method addressi ing single and multi ple slide systematic variation,” Nucleic Acids Res 20(
15;30(4 4
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Select a statistic which will rank the genes in order of evidence'
for differential expression, from strongest to weakest evidence.

(Primary Importance): only a limited number of genes can be followed up in
typical biological study.

Choose a critical-value for the ranking statistic above which any

value is considered to be significant.
Volcano Plot

For a volcano plot the Y
variate is typically a
probability (in which case a -
log10 transform is used) or
less commonly a p-value.
The X variate is usually a
measure of differential
expression such as a log-

I'atIO. Log2{Fold Change)

—Log,, {(p-value)

-4 -2 1] 2 4 [
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Calculate the expression ratio in control and experimental cases and to rank order the g
Chose athreshold, for example at least 2-fold up or down regulation, and sel ected tt
genes whose average differential expression is greater than that threshold. =

Problems: it isan arbitrary threshold.
In some experiments, no genes (or few gene) will meet this criterion.
In other experiments, thousands of genes regulated.
bg=100, s1=300, s2=200. => subtract bg => s1=200, s2=100 ==> 2-fold.
(s2 close to bg, the difference could represent noise. It is more credible that ageneis
regulated 2-fold with 10000, 5000 units)

The average fold ratio does not take into account the extent to which the measurements
of differential gene expression vary between the individual s being studied.

The average fold ratio does not take into account the number of patients in the study,
which statisticians refer to as the sample size.

Define which genes are significantly regulated might be to choose 5% of genes that have the
largest expression ratios.

Problems:
It applies no measure of the extent to which a gene has a different mean expression
level in the control and experimental groups.
Possible that no genesin an experiment have statistically significantly different gene
expression.
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Decide which genes are significantly regulated in a microarray experi

Microarray Data Paired data Unpaired data Complex data
More than two Groups
z-test twin-camnl e One-Way Analysis of

Parametric
Hypothesis Testing

Dependent samples
L-LesL

Independent samples

L Lol

Variance (ANOVA)

Assumptions and Test for Normality

Histogram, QQpl ot

Jarque-Beratest, Lilliefors test, Kolmogorov-Smirnov test

Non-Parametric
Hypothesis Testing

Sign test,

Wilcoxon
signed-rank test

Wilcoxon rank-
sum test, (Mann-
Whitney U test).

ik

Bootstrap Analysis, Permutation Test
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Principal Components Analysis (PCA)
Multidimensiona Scaling (MDYS)
Dendrogram and HeatM ap (Matrix Visualization)

16/49
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(Pearson 1901; Hotelling 1933; Jolliffe 2002)

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

Image source: 61BL4165 Multivariate Statistics, Department of Biological Sciences;,
Metropolitan University
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PCA2
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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 == (Lllxl + (LlQXQ S R a,l,pX,p

PCAs = 091 X1 + a99Xog + -+ + azp Xy
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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,
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Microarray Data Matrix

1st PCA Componnet

1

—>

2nd PCA Componnet

PCA for Cell Cycle Data on Genes

o
.

[ o | ‘

°

1st PQ

0.05
1.3
1

expression on a genomic scale"; Science, Oct
24,278(5338):680-6.

MA Table exp01  exp02 expl3 expld expls expees expp
geneOD | 048 -042 | 087 | 092 D&/ -0.35
genel02 | 039 058 108 121 052 058 ma Table| PCA-1 PCA-2 PCA—3|
gene003 | 087 025 017 018 -013 -0.13 genein] -0.18 -0.11 -0.03
geneDDd | 167 103 122 031 016 -1.02 genedD2 0.51 053 0.54
geneDDS5 | 116 086 121 162 1.12 -0.44 geneln3 -0.35 -0.39 0.26
geneDDE | 004 012 03 046 017 0.03 genenna -0.18 -1.08 047
gene0l7 | 296 045 040 -0FE 059 076 genedls -0.62 08 0.13
geneOD3 | 122 074 134 180 D0E3 055 * genelns -0.09 -0.23 0.77
geneon | 073 -106 | 072 002 016 0.03 genenn? -0.38 -0.32 1.08
gene0lD | 058 -040 013 058 -009 -0.45 gene00d 0.9 058 1.03
gene011 | 050 -042 | 0OBE | 105 DFB 0.01 gene00d 136 0.45 0.41
gene012 | 086 -029 | 042 046 030 -0.63 genel10 0.12 .03 018
gene013 | 016 029 017 028 002 -0.04 gened 1] -0.28 0.44 213
gene014 | 036 -003 | 003 008 -023 -0.21 gene012 -0.45 -0.23 .82
gene0ls | 072 -085 | 064 104 D84 -0.64 gene013 02 043 0.44
gene016 | 078 -0A2 | 026 020 D048 027 genslld 0.03 02 -068
gened17 | 060 055 041 D45 018 -1.02 gened15 07 -0.76 0.5
gened18 | 020 067 | 043 040 038 0.05 gene01f -0.61 007 004
gened19 | 229 064 077 1ED 053 -0.33 gensll7? -0.23 0.7 0.07
gene020 | 146 076 103 180 D074 -0.70 genel1B 0.1 o1 0.11
gene021 | 067 042 103 135 O0F4 -01.40 genelg .94 na7 0.24
gene022 | 011 013 041 060 0323 019 gene020 0.55 053 0.6
genesss gened21 -0.47 087 02
gene N | 175 084 213 175 023 -0.66 genel22 034 R 0.51
Heneess -0.49 02 0.91
( \ gene N 015 -1.04 -0.01
PCA for Cell Cycle Data on Conditions MA Table exp01 _exp02 expl3 expld expls expess exp P
w . PCA-1| 018 03 012 044 018 039 061
PCA-2| 016 058 -043 -022] 083 0RS
B
H * e PCA-3| 016 044 053 123 0B 0OR2
: 4
g 16 L
= 9
o 1
' 1 ° Yeast Microarray Data is from
Ty DeRisi, JL, lyer, VR, and Brown, PO.(1997).
e — "Exploring the metabolic and genetic control of gene
-4 -3 -2 1 0 1 2 3

Second Principal Component

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

This shows that almost 90% of the
variance 18 accounted for by the
first two principal components.

Principal Component Scatter Plot with Colored Clusters
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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.

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

( [ 1] + : # [} _ ( [ 1] + , # 1] _

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.
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Microarray Data of Yeast

Cell Cycle

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

v 103 known genes. every 7
minutes and
totally 18 time points.
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Hierarchical Clustering, K-Means Clustering

Self-Organizing Maps (SOM)
How Many Clusters?
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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.

Hierarchical clustering can be perform using
agglomerative and divisive approaches. Theresultisatree
that depicts the relationships between the objects.

Divisive clustering:
begin at step 1 with all the datain one cluster.

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

~-Hi I I Only use similarities of instances,
Non-Hierarchical cluster ng without any other requirement of
k-means, The EM algorithm, Nearest Neighbor,... the data.

all attribute have the same scale.

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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Kendall's tau

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.

Algorithm they use different logic for computing the correlation coefficient, they seldom lead to markedly different conclusions
(Siegel and Castellan, 1988).
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$ (Kaufman and Rousseeuw, 1990)
UPGMC (Unweighted Pair-Groups Method Centroid)

Example:
Average-Linkage

UPGMA (Unweighted Pair-Groups Method Average)
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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 squaresis 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 isminimized is
also known as the error sums
of squares (ESS). | «

3 , - 4 5678
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Software:
Cluster and TreeView
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K-meansis 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. o
Optimization problem:

Minimize the sum of squared within-cluster distances
1 K

W)= 3 de (%, Xj)2

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

Converged
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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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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.
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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.

1995, 1997, 2001
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4 8 K isdefined by the application.

4 8 Plot the datain two PAC dimensions. 47 8 Hierarchical clustering:
look at the difference between levelsin the tree.

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

49 8 Plot the reconstruction error or log likelihood as
afunction of k, and look for the elbow.
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Linear Discriminant Analysis (LDA)
Support Vector Machines (SVM)
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LDA (Fisher, 1936) finds the linear combinations xa of the gene expression
p][ofi lesx = (x1,..., Xp) with large ratios of between-groups to within-groups sum
of squares.
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Fisher’s linear discriminant is
optimal if the classes are normally
distributed.

After projection, for the two
classesto be well separated, we
would like the meansto be as far
apart as possible and the examples
of classes be scatteresin as small
aregion as possible.

39/49
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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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Multi-class problem

Software

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

Y east 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.cIopinet.com/isabelIe/ProjeCts/SVM/appliist.htmI
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Freeware/Shareware
Significance Analysis of Microarray (SAM)
Cluster and TreeView
The Bioconductor: l[imma, LImmaGUI

Commercial

Matlab: Bioinformatics ToolBox
GeneSpring

"9
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SAM assigns a score to each geneina
microarray experiment based upon its
change in gene expression relative to
the standard deviation of repeated
measurements.

False discovery rate: isthe percent of
genesthat are expected to be
identified by chance.

g-value: the lowest false discovery
rate at which ageneis described as
significantly regulated.

Output plot: the number of observed
genes versus the expected number.
This visualizes the outlier genes that
are most dramatically regulated.

Tusher VG, Tibshirani R, Chu G.(2001). Significance
analysis of microarrays applied to the ionizing
radiation response. Proc Natl Acad Sci 98(9):5116-21.

http://www-stat.stanford.edu/~tibs/SAM/
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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.

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

http://bonsai.ims.u-tokyo.ac.jp/~mdehoon/software/cluster/
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The Bioconductor

version 1.7 (2005-10-14) R version 2.2.0 (2005-10-6)
http://www.bioconductor.org http://www.r-project.org




47149

* 9* )49*

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
Y ork, 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 Applicationsin
Genetics and Molecular Biology 3, No. 1, Article 3.
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http://www.mathworks.com/access/helpdesk/help/toolbox/bioinfo/index.html




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
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