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Lecture 21: Clustering Microarray Data

e S0, why are we here?

e Clustering in dChip

e Measuring distances

e Hierarchical clustering

e When is a cluster valid?

e Clustering with fewer genes

e Simulating something
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INTRODUCTION TO MICROARRAYS

So, why are we here?
We want to learn something about clustering microarray data.

It is a well-known fact that clustering was invented by Michael

Eisen, Paul Spellman, Pat Brown, and David Botstein in one of
the most widely cited papers of all time:

Cluster analysis and display of genome-wide expression
patterns. PNAS 1998; 95:14863-14868.
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Digression

1. The ISI lists more than 2900 references to their paper.

2. You can tell they invented clustering, since their paper only has
16 references, 15 of which are to biologists and 1 to a
computer scientist (Kohonen, for self-organizing maps). Their
erratum, however, does give credit to John Weinstein in 1997
for coloring data matrices after clustering. So maybe Weinstein
iInvented it.

3. They are responsible for choosing red-green colormaps,
obviously being blithely unconcerned about the fact that this is
the most common form of color-blindness.

4. The accuracy of well-known facts should always be questioned.
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Clustering in dChip

Let’s continue with the ALL-MLL example we have been using for
a while. Recall that, when last we visited this data set, we had.

1. Performed a comparison in dChip that identified 610
differentially expressed genes

2. Tried to find out if any functional categories of genes were
over-represented on the list of differentially expressed genes.

Now we'd like to take a different approach to grouping the genes
and see which ones have similar profiles across the samples.
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Starting to use hierarchical clustering in dChip

On the main “Analysis” menu, select “Hierarchical clustering”.

A Wiew Data Image  Clustering  Chromosome  Tools  Help
Open Group... 17,537,28,25,13,10,39,12,42,20,158,27,26,11,29,52,41,22], genes cbtained: 57 ~
Get External Data. ., Permutation 43: [16,4,20,21,25,22,18,23,40,28,41,5,9,13,19,7,34,30,12,3,10,39,27,42
Mormalize, .. £ vs. 32,1,33,2,35,14,24,6,11,37,29,17,26,36,35,31,58,15], genes obtained: 4
Model-based Exprassion. .. t classif Pernutation 44: [26,2,13,4,29,36,158,5,9,39,28,30,6,35,22,3,20,19,42,1,6,31,27,40 vs.
14,38,37,10,17,33,21,11,23,32,15,12,34,41,7,16,25,24], genes chtained: 1
Compare Samples. .. Permutation 45: [9,34,27,17,42,30,18,35,22,23,12,38,41,2,15,58,16,32,11,39,10,1, 6,20
vs. 29,14,7,4,36,31,24,5,19,3,26,33,37,25,40,258,13,21], genes chtained: 4
Permutation 46: [32,23,35,39,14,40,42,1,34,9,58,41,26,25,20,6,28,27,16,15,12,10,13,5
vs. 2,31,30,37,29,35,33,24,4,36,18,17,21,3,19,7,22,11], genes obtained: 12
Analysis of Yariance. .. Pernutation 47: [7,35,5,39,9,31,10,6,17,4,2,37,32,21,26,8,23,42,41,12,18,38,27,36
vs. 11,16,20,1,3,33,14,15,30,22,13,28,24,25,19,40,34,29], genes cbtained: 55
GEnome. .. Permutation 48: [17,13,39,37,33,42,21,28,6,15,12,5,22,20,30,11,40,23,14,9,36,32,7,34
Chramosome. . vs. 31,13,16,24,3,29,27,19,1,5,25,35,41,26,35,2,10,4], genes chtained: 16
Permutation 49: [36,15,13,42,16,14,39,23,5,22,1,10,17,34,26,31,30,7,25,4,24,27,28,35
vs. 2,38,6,8,12,41,32,18,37,33,11,21,29,9,40,19,20,3], genes obtained: 20
Save Lag... Permutation SO: [7,10,4,34,42,1,31,12,23,11,40,6,39,35,28,37,13,2,22,33,5,29, 14,35
vs. 24,3,5,27,15,17,19,30,41,16,32,36,158,26,21,9,20,25], genes obtained: 47
Exit
COhtained 610 genes: False Discovery Rate (Number] of 50 permutations, Median: Z.1%
(13), 20th percentile: 9.3% (57
Finished!}
{Clas=sify genes using annotational terms
Read in genes listed in file G:\3hortCourse’)\OutputhaffyShortCourse compare
result.xls...
Found 610 genes
Gy ShortCourse’ output) affyShortCourse cowpare result classified.xls exported
Finished}
< > i
Hierarchical clustering using & lisk of genes Marmalized Modelled
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Starting to use hierarchical clustering in dChip

In the resulting dialog box, we can choose to cluster both genes
and samples.

Hierarchical Clustering

Gene list ar tree 35S hortCourzehOutputhaffyShortCourse compar

&, gene lizt can be generated by “Analyziz/Filter genes", “analyziz/Compare
gamples' ar "Toaolz/Gene list file''; a tree file iz produced by
"Chisteringss ave ree"

v Cluster zamples v Cluster genes

| Standardize colurnns for sample clustering

Help | Options... oK | Cancel |

Whenever you're not sure about what to do in dChip , you can
see what “Help” they provide.
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dChip help for hierarchical clustering

©) Hierarchical clustering - Mozilla Firefox

File Edit Wiew Go Bookmarks Tools  Help 0
<Z| - L:: - @ @ | || httpffbiosunl.harvard. edufcomplabidehip/clustering. htma# clustering V| @ Gao
| | Google | | Project Tracker
s
Hierarchical clustering

Clustering image Selected gene branch Functionally significant gene cluster
Significant sample cluster Save clustering tree Export clustering
image
Remove itrelevant genes
After obtaining model-based expression values, we can perform high-level analysis such as hierarchical clustering
(Eisen et al. 1998). Unsupervised sample clustering using genes obtained by Analysis/Filter genes can be used to
identify novel sample clusters and their associated “signature genes”, to check the data quality to see if replicate
samples or samples under similar conditions are clustered together (if not what might be possible reasons), and to
identify unexpected clustering (e.g. samples generated in same date or lab cluster together). Select the menu
“Analysis/Hierarchical clustering™
Hierarchical Clustering x|

Gene list or tree file: |D:\waﬂ<\nikhil\,win compare result Jvsb s |

A gene list can be generated by "Anabysis/Filter genes”, "Anabysis/Compare

samples” or "Tools/Gene listfile"; a rea file is produced by "Clustering/Seve

traa® “
Daone
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dChip help for hierarchical clustering

%2 Hierarchical clustering - Mozilla Firefox

File Edit ‘jew Go  Bookmarks  Tools  Help @

QII - I_IL - %] @ L1 httpifibiosunl harvard. edufcomplab/dchipfclustering bkm#clustering v @ = @,

|| Google | | Project Tracker

A “gene list file” is a tab-delimited text file with probe set name in the first column of each line. It can be generated by
“Analysis/Filter genes™, “Analysis/Compare samples™ or “Tools/Gene list file”. It may also be a “Tree file” saved by

the “Clustering/Save tree” function so that an existing tree structure saved before can be used. dChip will use genes in
the file for clustering,

The samples used for clustering are either all the arrays, or the samples in the “Array list file” if it is specified. When a
“Filter genes™ gene list is used for clustering, it is often desired to use the same “Array list file” used in filtering genes
to do gene clustering and sample clustering. This is an unsupervised sample clustering since the genes are selected by
large variation across samples and the sample group information is not used. When one specifies a “Compare
samples” gene list generated by using only a subset of samples, it is often desired to only specify and order the

relevant samples in “Array list file” and view them without sample clustering. In this case the main interest lies in

If the number of genes is large (e.g. 10,000), dChip may report “out of memory” or perform slowly, since storing all
the pair-wise distances requires too much memory and may cause virtual-memory swapping. The solution is to
uncheck the “Tools/Options/Clustering/Pre-calculate distances™ button to calculate the pair-wise distances between

genes on the fly.

>

Dane
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dChip clustering results

Ignoring their advice, we go ahead and cluster samples using the
610 genes selected from our previous sample comparison.

ffyShortCourse

Analysis  Wiew Data Image Clustering Chromosome  Tools  Help
=B Analysis - N‘I: ¥ E =
3¢ affyShortCourse arrays 4

affyShortCourse compare result
2% affyshortCourse compare result cla

% PM{MM Data
+ Eﬁ CEL Image
= Clustering
protein byrosine kinase
protein byrosine phosphatase
transmembrane receptor prokein by
brush border
defense response
immune response
cell communication
cytoskeletal protein binding
inositol-1Y, 41,5-triphosphate recept
cell proliferation
pathogenesis
perception of biotic stimulus
perception of pestjpathogen/paras
response ta bictic stimulus
response to pestfpathogenjparasit
cyclin-dependent prokein kinasel, re
transmembrane receptor prokein pk
signal transducer
receptar signaling protein
Fatty acid metabolism
microtubule motar
class 1T major histocompatibility com
prokein amino acid phosphorylation
phosphorus metabalism
phosphate metabolism
calcium ion transporter
protein kinase
phosphotransferasel, alcohal grougp
phosphorylation
ritosis
M phase aof mitotic cell cycle
enzyme inhibitar
DMA binding
protein madification
microtubule binding
di-l, kri-valent inorganic cation kran:
tubulin binding ¥
< ¥ < ¥

[ALL_4][32749_s_at, Filamin &, alpha {actin bindin, P] [0.63 (Raw value:18497.5, StdErr: 1776)] Mormalized Modelled
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10

dChip clustering options

Using “Tools” — > “Options”, we get:

Options

Cluztering l.&nal}lsis] Madel | Chiomasome |

Preproceszsing and algarthm

v Standardize rows [subtract |Mean j and divide by SO
¥ Pre-calculate distances

Distance metric: |1 - Correlation j

Linkage method: |Eentmid j

Gene ordering: |By cluzter tightness ﬂ

Wizualization
[ Red/black/green colaring [ Sample names always visibh
[ Aweraged gene profile pattern [ Add new color for Contral+Clicl

[~ Show probe set name [v Show first letier of sample propert

Dizplaying range of standardized walues: 3

F walue threshold for calling significant clusters

Gene: |0.001 Sample: 0.05

X

Reset Default QK | Cancel

© Copyright 2004—-2005, Kevin R.
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dChip clustering results

Checking the visualization option for red/black/green coloring

gives the Eisen colormap.

ffyShortCourse

Analysis  Wiew Data

Image Clustering Chromosome  Tools  Help

<

=B Analysis

3¢ affyShortCourse arrays

affyShortCourse compare result

24| affyshortCourse compare result cla

% PM{MM Data

+ Eﬁ CEL Image

Clustering

Tl aTai  aTa naTa 0w aTa1tnaTu1FyaTuVy aTa Vo AT Tl aTh 1 i1 i1 Y a1 aTH, U YA AT VTV aTa1 Py aTi T o T N aTh 1 T 11T P P TP YA YA Ty T Py aTi AT T N AT

protein byrosine kinase
protein byrosine phosphatase
transmembrane receptor prokein by
brush border
defense response
immune response
cell communication
cytoskeletal protein binding
inositol-1Y, 41,5-triphosphate recept
cell proliferation
pathogenesis
perception of biotic stimulus
perception of pestjpathogen/paras
response ta bictic stimulus
response to pestfpathogenjparasit
cyclin-dependent prokein kinasel, re
transmembrane receptor prokein pk
signal transducer
receptar signaling protein
Fatty acid metabolism
microtubule motar
class 1T major histocompatibility com
prokein amino acid phosphorylation
phosphorus metabalism
phosphate metabolism
calcium ion transporter
protein kinase
phosphotransferasel, alcohal grougp
phosphorylation
ritosis
M phase aof mitotic cell cycle
enzyme inhibitar
DMA binding
protein madification
microtubule binding
di-l, kri-valent inorganic cation kran:
tubulin binding

¥

~

v

<

Click an icon in this window to activate the corresponding menu
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Mormalized |Modelled
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Exploring the clustering results

You can use the arrow keys to zoom in or out of the cluster
diagram. You may need to zoom in a lot in order to be able to
read the gene names.

affyShortCourse E]@
Analysis  Yiew Data Image Clustering Chromosome Tools Help
T - e T T T T ey 2 & 2 ¢ C
2| affyshortCourse arrays it e e B [ 2 T £
affyshortCourse compare resul EEEEEEEEEEEEEEEEEEA A A A A q A qqqqq22x O o« o O
28] affyShortCourse compare result cla Cluster Incl. ABO20695:Homa sapier
A% PM{MM Data — 1 mn Cluster Incl. AIT43745:wg53d08.x1 F
-y CEL Image Cluster Incl. AIGE0ESE:wWf23c07 x1 H
ﬁ Clustering i I Cluster Incl. KO3000:Human aldehyc
[E protein byrosing kinase Cluster Incl. XS68129: Human XIST, oo
rotein bvrosing phasphatass I B Ciuster Incl. U23852:Hurman T-kyrnpk
P V! prosp! _ Cluster Incl. ALO21154:c) 15005.2 (1
transmembrane receptar protein by Cluster Incl. MS55542:Human guanyl:

brush barder B Cluster Incl. X55740:Human placent:

[} ] Cluster Incl. D31883: Human mRMA 1
| Cluster Incl. X07203:Human mRRNA f
M27354 [(FEATURE=cds /[DEFINITIO

Ras-Related Protein Rap1b

[T N ] 'C\uster Incl. USBS13:Hurman palycys

Cluster Incl. ABO0D24358:Homo sapier

Cluster Incl. ALD49933:Homo sapier
” |||| w J01134 FFEATURE= /DEFIMITIOM=L

s

&

-

E defense response

]| immune respanse

E cell communication

[E cytoskeletal pratein binding

E inosital-14, 41, 5-triphosphate recept |
|| el profferation

[E pathogenesis

E perception of biotic stimulus

E perception of pest/pathogen/paras
E response to biotic stimulus

I

E

Cluster Incl. ALO4235358: Homo sapier

S775812 [FEATURE= /DEFINITION=5

Cluster Incl. ABO11131:Homo sapier
I' Cluster Incl. M22452:Human bone
(A1}

RSl

response to pest/pathogenfparasit M22459 FEATURE= /DEFIMITION=F
cyelin-dependent protein kinasel, re v m BB crroa oA T IEE . eSO L

< ? < ?
Height of the nearest sample branch: 0,588 Mormalized Modelled

Clicking on a gene name will open a web browser window to the
Entrez Gene page for that gene.
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Exploring the clustering results

On the left, dChip lists “significant” GeneOntology categories,
protein domains, and sample types. Click on the names to see
where they can be found.

<

affyShortCourse

Analysis Wiew Data Image Clustering Chromosome Tools Help

CBIX

kinase

transferasel, transferring phosphor
response to external stimulus
response ko stress

organic acid metabolism
response ko external stimulus
carboxylic acid metabolism
spindle

mitotic cell cycle

M phase

nuclear division

cell cycle

regulation of cell proliferation
plasma membrane

membrane

on
microtubule cytoskeleton
DMA replication and chromosome oy
mator
adenosinetriphosphatase
protein binding
ATP binding
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microtubule associated prokein
ATPase
adenyl nuclectide binding
nucleic acid binding
nucleus
purine nucleatide binding
nucleotide binding
S phase of mitatic cell cycle
nucleus
DM metabolism
CMA replication
intrarellular
Intracellular calcium-release channe
Immunaglobulingmajor histacompatil
Phospharylated immunoreceptor sic
Immunoglobulin C-type
Immunoglobulin subtype
MIR domain
Link daornain
C-type lectin
>

~

<

[ALL_20] [37864 _s_at, immunaglobulin heavy constant , P][2.23 (Raw walue:19355.3, StdErr:1014)] Mormalized Modelled
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Revisiting the clustering options

Options

Clustering Ip‘i‘-.nalysisl kadel ] Ehrnmusume]

Preproceszing and algorithm

[v Standardize rows [subtrack |Mean j and divide by 50
v Pre-calculate distances

Distance metric: |1 - Correlation j

Linkage method: |Centruid j

Gene ordering: | By cluster tightness ﬂ

Wigualization
[ Red/black/green coloring [ Sample names alwaps visibh
[ dweraged gene profile pattern | Add ness colar far Contral+Clicl

[ Show probe set name v Show first letter of zample propert

Dizplaying range of standardized values: 3

P walue threshold for calling significant clusters

Gene:  |0.001 Sample: 0.05

X]

Fleset Default (] | Cancel
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Revisiting the clustering options

e Choices for distance metric

1 - correlation

1 - absolute correlation
1 - rank correlation
Euclidean

e Choices for linkage

e centroid
e average

Which should | choose? What do these mean?
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Measuring distances

Ideally, clustering methods tell us that some samples form a more
coherent set than the data as a whole, where “more coherent” is
generally taken to mean that the samples are closer together.

So, how do we define “closer’?

This requires the specification of a distance or “dissimilarity”
matrix. Distances are calculated between each pair of samples.
For this purpose, we view each sample as a vector In
“gene-space”. The first distance measure most people think of is

Euclidean distance: sqgrt(sum((x - y) 2))
In the R language,

dEuclid <- dist(t(dataMatrix));

© Copyright 2004—-2005, Kevin R. Coombes and Keith A. Baggerly GS01 0163: ANALYSIS OF MICROARRAY DATA
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Alternative definitions of distance

Maximum:  abs(max(x-y))

Manhattan: sum(abs(x-y))

Canberra: sum(abs(x-y)/(abs(x)+abs(y)))
Binary:  sum(xor(x!=0, y!=0))/sum(x!=0 | y!=0)
Minkowski:  sum(abs(x-y)p) (1/p)

Correlation: (1 - cor(x,y))/2

Absolute Correlation: (1 - abs(cor(x,y)))
Rank Correlation: (1 - cor(rank(x), rank(y)))/2

Most clustering methods let you specify the distance measure, or
construct any distance matrix you want and work with that matrix.
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Hierarchical clustering

Hierarchical clustering produces a dendrogram (a binary tree
structure) that displays the distance relationships between
clusters.

The most common implementation is agglomerative, which is an
unnecessarily big word for bottom-up. The algorithm starts by
joining the two samples that are closest together into a cluster. It
then keeps repeating this process (joining the two closest clusters
Into a bigger cluster) until everything has been linked together.

There’s only one problem: Distances were defined between
iIndividual vectors. How do you measure the distance between
clusters of vectors in order to link them?

© Copyright 2004—-2005, Kevin R. Coombes and Keith A. Baggerly GS01 0163: ANALYSIS OF MICROARRAY DATA
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Linkage rules

Single: Use the minimum distance between cluster members

Complete: Use the maximum distance between cluster
members

Average: Use the mean distance between cluster members
Median: Use the median distance between cluster members

Centroid: Use the distance between the “average” member of
each cluster

© Copyright 2004—-2005, Kevin R. Coombes and Keith A. Baggerly GS01 0163: ANALYSIS OF MICROARRAY DATA



INTRODUCTION TO MICROARRAYS 20

Simulating nothing

One peculiarity of clustering algorithms is that they always
produce clusters. This happens regardless of whether there is
actually any meaningful clustering structure present in the data.
So, let’'s simulate some unstructured data an see what happens.
We’ll write code in the R statistical programming language for the
simulations.

> n.genes <- 1000

> n.samples <- 50

> descr <- paste(’S’, rep(c(’0’,”),

+ times=c(9,41)), 1:50, sep=")

> dataMatrix <- matrix(rnorm(n.genes *n.samples),
+ nrow=n.genes)

© Copyright 2004—-2005, Kevin R. Coombes and Keith A. Baggerly GS01 0163: ANALYSIS OF MICROARRAY DATA
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Clustering nothing

> dEuc <- dist(t(dataMatrix))
> hAvgEuc <-hclust(dEuc, method='average’)
> plclust(hAvgEuc, labels=descr)

i
q— I
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e . et
=T U’J-N| ’J_‘
L =

- | R BT, L
3 DB, fﬂ
._Ej £
& Ly L
T oy fa g

= N

L -

o

o -

dEuc
hclust (%, "average")

Euclidean distance, average linkage.
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Single linkage often produces “stringlike” clusters

> hSinEuc <-hclust(dEuc, method='single’)
> plclust(hSinEuc, labels=descr)
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dEuc
hclust (%, "single")

Euclidean distance, single linkage.
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Complete linkage tends to find compact clusters

> hComEuc <-hclust(dEuc, method="complete’)
> plclust(hComEuc, labels=descr)

Height
41 42 43 44 4% 46 47 48

| |
S50 —

=15

539

528 —
528 —

S06 —

dEuc
hclust 7, "complete")

Average linkage tends to produce clusters somewhere Iin
between single and complete linkage.
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Clustering with correlation also finds structure

> dCor <- as.dist( (1-cor(dataMatrix))/2 )
> hComCor <-hclust(dCor, method="complete’)
> plclust(hComCor, labels=descr)

052
|

Height
043
| | |
S04 —,
518
3—
T
S44 —
_
|
i
1
528 —
J—
T
S27
=37 :l_l

0.44
|

$09

S40

dCor
hclust (*, "complete™)

Correlation distance, complete linkage.
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What's Stable?

We can flip branches around without affecting the underlying
structure of the data, or changing the meaning of the clustering.

What things are left unchanged by such flips?

Say we flip a branch at height £ ¢;;,,.

Membership of the sub-branches does not change, but the order
can change across the boundary.

How do | define a “cluster”?

© Copyright 2004—-2005, Kevin R. Coombes and Keith A. Baggerly GS01 0163: ANALYSIS OF MICROARRAY DATA
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What is a cluster?

If we cut the dendrogram at height A, then the sub-branches of
each cut branch define clusters. Within a cluster, everything is
closer than h to the rest. By varying the cut height, we can
produce an arbitrary number of clusters.
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When is a cluster valid?

In other words, where should we cut the tree in order to say that
the branches at this point represent something real?

To convince you that this is a real problem, recall that we are
using data that was simulated to be completely random.
Nevertheless, hierarchical clustering (with complete linkage and
either Euclidean distance or correlation) apparently finds
structure here.
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Bootstrap resampling

Testing cluster validity requires “perturbing” the data.

A cluster consists of pairs of items that are grouped together. If
we repeatedly perturb the data, and the pairs still cluster
together, this is a good sign that the cluster is “stable”. Samples
that cluster in other groups are more questionable.

The simplest way to perturb the data is to “bootstrap” the
iIndividual genes, or rows of the data matrix.

The idea behind the bootstrap is to create a new data matrix (the
same size as the original) by randomly selecting rows. Ssampling
IS done with replacement, so some rows will be included multipel
times and some rows will be omitted.
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Disturbing the universe

We can use the ClassDiscovery package to perform bootstrap
resampling for clustering. In order to use k£ = 4 groups, with
heirarchical clustering by Pearson correlation distance and
average linkage along with an outer loop of nTimes = 200
bootstrap samples, we do the following:

> require(ClassDiscovery)

> pbc <- BootstrapClusterTest(dataMatrix,

+ cutHclust, k=4, method='average’,
+ metric="pearson’, nTimes=200)

> Image(bc)
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Sometimes it's good to find nothing. ..
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Additional Notes

We need to specify the number of clusters to bootstrap, since we
record how many times samples are paired. This method extends
directly to other clustering techniques.

The image i1s much more interpretable if the rows and columns of
the matching matrix are reordered to match the ordering supplied
by the clustering.

Instead of resampling the genes, we can “add noise” to the data
from a normal distribution. The scale of noise to use is not
obvious with real data.

We can also use “bootstrap subsampling”. Instead of
reconstructing a sample of the same size as the number of genes
on the array, make smaller samples to see how widely the
clustering information is spread across the genes.
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Clustering with fewer genes

Many times, we cluster using a subset of genes. Maybe we think
that other genes are just contributing noise, or maybe we want to
focus on genes on a specific chromosome or genes in a specific

pathway.

Occasionally, you see papers comparing two known classes of
samples that perform the following analysis:

1. Find a list of differentially expressed genes.
2. Cluster the data using only the differentially expressed genes.

3. Discover that you can successfully distinguish the known
classes.

Should this be surprising?
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Bending reality to your will

Let’s try this on our simulated data. We'll divide the 50 samples
Into two classes (the first 25 and the last 25). Next, we’ll perform
t-tests to see how well each gene separates the two classes, and

cluster the data using the top 50 genes:

M
=

05

0.1

dsCor
hclust (7, "complete")

Height
0.3
| | |
—
S09 —
=528
=46
=31 ]
=34
=532 —
536 —
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Even the bootstrap doesn’t save us...
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Filtering notes

Filters should not be related to a specific contrast if an overall
view Is desired.

More natural filters exist:;

e total variation

¢ all genes on a given chromosome
¢ all genes in a given ontology category

Filtering serves a practical purpose — it reduces the number of
genes a lot. This is important because we may want to cluster
the genes as well as the samples, and clustering thousands of

things may make dChip (or R) complain....
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Filtering in dChip

Use “Analysis” — > “Filter genes”.

= affyShortCourse

An: Wiewe Data Image Clustering Chromosome Tools Help
pen Group... E o 3 E ~
o E]
Gek External Data. .. g g §
MNormalize. .. k g or BBy
Model-based Expression, .. b classif = E
— =
Compare Samples. .. ==
Filk . ==
Higrarchical Clustering. .. — =
LD& Classificatian. ., =
Analysis of Yariance. ., e ;
=5 -
Gename. .. —
==
Chromosaome. .. E
=
- =
Save Log... R——
- ==
Exik : E
ES
==
— F
=58
==
=
===
= E
==
==B5
= =
= =]
= — =~
£ > £ >
Filter genes with large wariation across samples Mormalized Modelled
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Filtering in dChip

Choose filtering parameters based on variation, expression, or
present calls. (I have a bias against variation filters, but those are

the default.)

Filter Genes

Filter genes l

Criterion

1] [+ Wariation across samples [after pooling replicate araps) ;

3

0.5 < |Standard deviation / Mean j < |10
2] W Pcall & inthe arays used »= IT 4
/N
ID— < Median[Standard deviation £ Mean] < W

[4] v The exprezsion leveliz >= |20 in >= |50 % samples

Filter on gene list: | uzing all genes |

Filtered gene list: | G:\ShortCourzehOutputsaffyShartCourse filt||

make sure the
file iz clozed

Cancel ‘
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dChip Filter Results

== affyShortCourse

Analysis  Wiew Data Image Clustering  Chromosome  Tools Help

—<é?ﬂnmyﬂs 289/10821, PWalues: 0.000399) -
2&! affvShortCourse arrays Found 6 "4" genes in a cluster with 32 annotated genes [(all:
2! affvShortCourse compare resulk 399/10821, PWalues: 0.000971)
2% affyshortCourse compare result classif
2% affyshortCourse filkered gene 3966 cluster-Chromosome term pairs assessed for enrichwent with p-

£ PMIMM Data value < 0.001000
+ FE" CEL Image
+ %iCMiemm Finding significant sample clusters...

Found 24 "type ALL"™ samples in a cluster with 24 annotated samples

(all: 24742, PWValus: 0.000000)
Found 15 "type MLL"™ samples in a cluster with 15 annotated Satples

{=ll: 158/42, PValue: 0.000000)

33 cluster-category palirs assessed for enrichmwent with p-value <
0.o050000

Finished in 00 hours 00 minutes 02 seconds}

{Filter genes
Filtering genes...
Array list file used: None
1082 of 12626 probhe sets satisfied the filtering criteria:
Variation across samples: 0.50 < Standard deviation / Mean <
10.00
F call % in the array used »>= Z0%
The expression lewvel >= 2Z0.00 in »>= 50% samples

Filtered gene listz saved in G:%3hortCoursehOutput’affy3hortCourse
filtered gene.xls

Finished}

£

Analysis oukputs

Mormalized Modelled
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dChip Clusters with Filtered Genes

We can distinguish ALL from MLL in a truly unsupervised setting.

: affyShortCourse

Analysis  MWiew Data Image Clustering Chromosome  Tools

Help

= @ Analysis
28| affyShortCourse arrays
28| affyShortCourse compare result
28| affyShortCourse compare result cla
28| affyShortCourse filkered gene
A4y PM{MM Data
+ Eﬁ CEL Image
= Clustering
defensefimmunity protein
anktigen binding
calciumn ion binding
protein binding
lymphocyte antigen
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response ko stress
defense response
inflarmmatory response
IMrnUne Fesponse
hwrnoral immune response
antimicrobial hurmoral response (ser
cell cycle arrest
cyboskelekal protein binding
cell death
response ko external stimulus
response bo biotic skimulus
response bo wounding
response to pestipathogen)par asit
programmed cell death
humoral defense mechanism {sensu
death
antimicrobial humor al response
innake immune response
cell eycle checkpoint
M phase of mitotic cell cycle
mitokic cell cycle
chrarmosame

rimdl

< *

Thebrh o oA S theSheSth et e e At HS oS heStheSrh et e et HS th oS heStheS et e At S theS theSmheS T

Arrow or Contral+Aarrow or Shift+arrow to zoom; Click or Control+Click ko select branch or center a data point, ESC to deselect

.Y

£

" Gene o

R e o

Wi

LU TELRT ) —

i

I
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i5t

it I TR Y o
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I
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=
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_—

Tl
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|
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Saving the cluster images

Use “View” — > “Export Image”.

: affyShortCourse

Analysis §f Data Image Clustering Chromosome  Tools

Help

Mexk View Enter -~
Alternate Two Yiews

Find Gene. .. Chrl+F

Online Database. .. Chrl+L
/MM Daka

EL Image

lustering

defensefimmunity protein
anktigen binding

calciumn ion binding

protein binding

lymphocyte antigen
apoptosis

response ko stress

defense response
inflarmmatory response
IMrnUne Fesponse

hwrnoral immune response
antimicrobial hurmoral response (ser
cell cycle arrest

cyboskelekal protein binding
cell death

response ko external stimulus
response bo biotic skimulus

S

Y

¥

=

response bo wounding

response to pestipathogen)par asit
programmed cell death

humoral defense mechanism {sensu
death

antimicrobial humor al response
innake immune response

cell eycle checkpoint

M phase of mitotic cell cycle

reibmbie el el

< > <
Save the image into a BMP or JPG file
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Saving the cluster images

Choose an appropriate format. EMF is probably best if you ever
want to zoom in enough to read the gene names.

Export image

E xport methiod

]

..............................

..............................

¢ Ewport bo file | G:\ShotCoursebOutputhaffuShortCourse filtered gene

" Copy to clipboard [BMP ar EMF Format

[rmage format
(" BMP Mwindows Bitmap; as seen on screer

(" PG [JPEG Compressed Image; web wiswing

Prauarmni wit

Help Ok,

(+ EMF Mwindows Enhanced Metafile; publizhing qualit

The exported filez can be “Insert/Picture/From File" into Ward o

Cancel |
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Simulating something

Next, we simulated data with 1000 genes and 5 different sample
classes containing different numbers of samples. Here'’s a
two-dimensional picture of the truth:

Component 2

(=]
—

Component 1

N m
m
n
= m
m ..
_ ]
]
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a |
]
] |
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— ]
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Hierarchical clusters (correlation; average)

Height

0.075 0.080 0.085 0.090 0.095 0.100

dmat
hclust (*, "average")

Three of the classes (B, C, D) are mostly correct. The other two
classes are less concentrated.
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Bootstrap clusters

mIrooooooooOooooooooooOD@moomEmmeommoamOommOm>0mmmm OO0 003> >
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Bootstrap clusters ordered by true groups

Joint Clusterings of A and B

Sample B
20 30 40 50

10

10 20 30 40 50

Sample A
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R Libraries for Microarray Analysis

We have created R libraries that make it easier for statisticians to
perform bootstrap validation of clusters.

http:

//bioinformatics.mdanderson.org/software.html

) MDACC: Cancer Genomics: Software - Mozilla Firefox

File Edt Wew Go Bookmarks Tools  Help Q
@ - E> - @j @ [ http:ifbioinformatics. mdandersan.org/software. hrl v @ e [[CL
|| Google [ ] Project Tracker
1 © L M. D. Anderson
HE UNIVERSTTY OF TEXAS ‘ Qf’k% “\&‘—\- X
MDANDERSON by e b T
CANCER CENTER } & /_-r-'—*'
Making Cancer History™ ‘ AH002918 i o el
. \ Bioinformatics
Overview
People
Resources Software
Activities
Caontact Us This area of the web site will be used to store software tools that we are making publicly available. all
Research tools are copyrighted by the University of Texas M. D. Anderson Cancer Center and by the individual
Awards employees of the cancer center who helped develop them. The tools are freely available for personal
Publications use in research projects; however, anyone wishing to use them or maodify them for use in a commercial
TR project should contact M. . Anderson.
Technical
Faparts Available Software
Supplerments
Public Data Sets | pompa
Software OOMPA is an object-oriented microarray and protecmics analysis library implemented in R using
Services 54 classes and compatible with BioConductor,
GenaCards Wavelet-Based Functional Mixed Models
P Code to obtain MCMC samples for wavelet-based functional mixed model method in Marris and
Genelink
S ‘ Carroll (2004}, Obtains posterior samples of model parameters In functional mixed model.
Sample Sizes Documentation is also available,
D& Realit Cromwell
Chedk Cromwell is a set of MATLAB scripts for low-level processing of mass spectrometry proteomics
Internal Services data. Cromwell relies on the undecimated discrete wavelet transform for denoising spectra.
Profect Tracker Choosing Thresholds for Cramiwell
GenaDiract MATLAR code to produce visualizations as an aid to choosing reasonable thresholds for the
e Cromwell package.
PDQ_MED GENECLUST
TAD & tool for exploratory analysis of gene expression microarray data.
Done
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OOMPA

Follow the link for Object-Oriented Microarray and Proteomic

Analysis. Then get the libraries.

http:

//bioinformatics.mdanderson.org/Software/OOMPA/

iented Microarray and Proteomic Analysis - Mozilla Firefox

File Edt Wew Go Bookmarks Tools Help

G- - & F22) [ L1 httpsibionformetics.mdanderson.orgfSoftware/ OOMFAY

[J coogle [] Project Tracker

OOMPA

Object-Oriented Microarray and Proteomic Analysis

The packages included in the current release (QOMPA 1.1) are
oompaBase

Class unions and generic functions for OOMPA.
PreProcess

ClassComparison

differential expression.
ClassDiscovery

TailRank

focused on the distributional tails.

theme music, but we're pretty sure we don't want to go there.)

% oompaBase

e mmeleme
Dane

QOMP4 15 a suite of R libraries for the analysis of gene expression (RNA) microarray data and of proteomics profiling mass
spectrometry data, OOMPA uses 54 classes to construct object-oriented tools with a consistent user interface. all higher
level analysis tools in OOMPA work with the exprset classes defined in BioConductor. The lower level processing tools offer
an alternative to parts of BioConductor, but can also be used to enhance the existing BioConductor packages.

Basic functions for microarray pre-preocessing, including objects that remember their history.

Classes and methods for ''class comparison” problems using microarray or proteomics data, including tests of

Classes and methods for ''class discovery' with microarray or proteomics data.
Implements the tail-rank statistic for selecting biomarkers from & microarray data set, an efficient nonparametric test
The OOMPA suite of R libraries is the successor to the earlier Object-Oriented Microarray analysis Library (QOMaL), which

was originally written for 5-Plus 2000. The incorpaoration of routines to analyze proteomics profiling data in addition to gene
expression microarray data prompted a name change. (It also inspired our new icon. It suggests some possibilities for

Contains definitions that are needed in order for other packages to load properly. Some definitions (like
class unions) must be visible before loading a package that uses them, and cannot be defined in the

v © = (Gl
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Exporting the data from dChip

: affyShortCourse
Analysis  Wiew Data Image Clustering Chromosome B

=& analysis ~
28 affyshartCourse arrays
28| affyshortCourse compare resulk
28 affyshartCourse compare result cla -
¥ affyshortCourse fikered gene
£ PMIMM Data

+

fﬁ

:

CEL Image
Clustering

defenseimmunity prakein
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response to stress
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IMMALINE: FEsponse

hwrnotal immune response
antimicrobial humoral response (ser
cell cycle arrest

cytoskeletal protein binding

cell death

response to external stimulus
response to biotic skimulus
response ko waunding

response to pestipathogen)parasit
programmed cell death

Help

Array List File, ..
Options. ..
Print Settings

Gene List by Annotation, ..
Gene List by Kewvwords, .,
Classify @enes...

Make Information File...
More Gene Information, ., .

Export Probe Set..,

GosSurfer. .,
Tight Clustering...

hwrnoral defense mechanism (sensu
death
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innake immune response

cell cycle checkpaint
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Exporting the data from dChip

Change the “Gene list file” to “all genes”, or select the file from
filtering genes or from comparing samples. Uncheck the boxes.

Export expression values X |

ene ligt file

iall genes

[ Usze the probe et namme in the 2nd column

drrapz to be exparted Cutput file

(3:%ShortCoursehOutputhaffyS hortCou
rse expression. s

| Haz Prezence or SHF call
[ Haz standard ermor
[ GCT farmat far GeneCluster

[ Gene names in the last column

[ Inchude header information

Select by category

[ Append to this file

Help Options... ak. Cancel
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Using the Exported Data

The exported data lives in a tab-separated values file with an
“XIs " extension (so that Excel will open it easily). This can be
read directly into R using a read.table command. If you
prepared a sample information file, that can also be read into R
using another read.table command. The bootstrap clustering
routines can then be used on the real data.
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Bootstrap validated clusters with filtered genes

Correlation distance, average linkage, 4 clusters, 200 bootstrap
samples.
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Conclusions

1. Hierarchical clustering always finds clusters.
2. Bootstrap resampling can show that the clusters are fake.

3. Filtering to show a particular grouping can lead to incorrect
results.

4. Hierarchical clustering with bootstrap validation may uncover
real structure.
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