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Clustering methods
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Self Organising Maps. SOM

Bidimensional hexagonal or
rectangular network




SOM:
The algorithm

Initialize nodes to random values.
Set theinitial radius of the neighborhood.

Present new input: Compute distances to all nodes.
Euclidean distances are commonly used

Select output node j* with minimum distance d,.
Update node j* and neighbors. Nodes updated for the
neighborhood NE;. (t) as:
wi(t+1) = wy (0) + 7(004(t) - wy(©); for j O NE,. ()
n(t) isagain term that decreasesin time.

Repeat by going to Step 2 until convergence.




Response of human fibroblasts
to serum

lyer et al., 1999 Science 283:83-87




SOT Q . . Initialize nodes to random values.
. ! Present new input: Compute distances to all terminal
nodes.

I he al Orl thm . Select output node j* with minimum distance d.
Update node j* and neighbors. Nodes updated for the
neighborhood NE;. (t) as:

Wi (t+1) = W) + (0 04(0) - w(1)); for j O NE;. (1)
n(t) isagan term that decreasesin time.

Step 4 Repeat by going to Step 2 until convergence.

Step 5 Reproduce the node with highest variability.
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SOTA/SOM vsclassical
clustering (UPGMA)
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Acuracy: the silhouette

|s the object closer
to Its cluster or to
the closer cluster?
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Relative accuracy of SOTA and UPGMA
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SOTA y amalTM: asimple example.

Asspmabed
literaburs

DNA microarrays
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Expression profiles and functional

information gets more specific




Example of automatic assignation of terms

. ﬁ chromosome segregaton 03176, 27

17 genes/75 abstracts

Polymerase o 0,172,823 *
da polymerase 0,13/3,37 :

' polymerase 0,262,532

g::j ﬂ};f:nﬂﬂ:;gre-gaﬁﬂn gﬁgg;ﬂ @ dmglycosylase  0,44/8,29

dna damage ':':[".'E.'?,I 18 -~ dna damage 0,22/3,99

poll 5____5_1_,1%,2? polymense < 0.34/4,19 6 genes/ 36 absiracts

e dna polymerase 10,2944, 50

| dna glycosylase  0,157,75

dna damage 0,14/2,94

pol "~ 0,34/7,70

48 genes/ 264 abstracts

polymerse 0 48/5,49
13 genes/110 abstracts ﬁ. dna polymerase 0,455,958
poll 0,56¢8,19

* frequency/zeta—score 4 genes/66 abstracts
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AlmalTM vaues at different
resolution level of a SOTA tree
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Finding the optimal information level

Finding the optimal
relationship between
the number of
clusters and number
of genesin acluster

Statistical definition
of cluster at 90%
gives atree with 161
clusters




Number of items classified
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Efficience in the classification for different levels of information




Unsupervised classification of cell lines

lines_by_expression - 1808% - corr
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- Helanona - Breast - Prostate

- Renal Carcinona Lung CHS
Ovary Leukaenia Colon

Using vectors of 161 average gene expression
values as input




Methods: Neural Networks e Multilayer perceptron.

0=q(i, W)

Training: find w's
that minimize errors
iIn example set

Y
|0 - @(i, Wn)| > |0 - @i, Wi

Generalizing:

get a prediction for

an input i whose output
value is unknown

'

given I, predict: 0 = @( i, Wifinty)




Methods: 3-fold cross validation

Train NN with training set

Predict cell line
classes in test set

True Positive: if @k, w) >T; Tis a threshold parameter
A pattern in class and i ¢is the vector of expression levels for class g.

j will count as a False Negative: if @ i, w) <T.

True Negative: if @ b, w) <T.
A pattern NOT 1001
inclass | will

False Positive: if @b, w) > T.
count as a




Classification of cancer cell [ineages

Cdl line Total supervised unsupervised
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Conclussions

«SOTA Isaclustering method with linear runtime and a superior
accuracy than its counterparts UPGMA and SOM.

«SOTA allows obtaining clusters based on a statistical test.

*The biological meaning of these clusters is validated by the fact

that their average values are informative enough to be used in
the classification of samples.

«SOTA, in combination with a perceptron, is an efficient method
for classifying samples based on their gene expression values.
Unlike in other approaches the classification thus obtained
depends upon groups of co-expressing genes, probably playing a
related role in the cell.




