
  

Unsupervised clustering



  

Selecting a distance

 Unsupervised method need a criteria to assess profile similarity (and dissimilarity) : a distance

How does gene expression clustering work ? P. D'Haeseleer. Nat Biotech. 23(12). 2005.
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Limitations

Highly sensitive to global 
expression level

Does not measure anti-correlation 

No upper bound

d (x , y)=√∑
i=1

n

(x i− y i)
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Pearson correlation coefficient (r)

2/)1( rd −=

Obtained by dividing the covariance of the genes by the product of their standard deviations

Covariance is a measure of how much two variables change together

 

  Limits : -1 and 1

Distance is obtained using:  
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Spearman correlation coefficient (rho)

Used to measure the degree of correspondence between two rankings
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    17   13   19   10   16   12
     7    3    5    2    8    6

1    2    3    4    5    6
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     5    3    6    1    4    2
     5    2    3    1    6    4

Ranks

    0    1    3    0   -2   -2

rho=1−
6∑ d i

2

n n2−1

rho = 1 - 108/210 =0.485



  

Pearson and spearman

R = 0.897
τ = 0.684

R = -0.861
τ = -0.684

r= 0.97
τ=0.2



  

Hierarchical clustering
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Hierarchical clustering
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Agglomeration methods



  

Which agglomeration method ?

 An artificial 2D dataset

Here single criteria performs best

 Microarrays

Most generally average 



  

The Thymus project

(From  Zúñiga-Pflücker JC, Nature Reviews Immunology 4, 67-72; 2004))     
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Genetically engineered mice

 Thymi from KO mice are enriched in particular cell types 

Rag1, Lat° ,
 Cd3ε°

Tcrα°

CLP DN2 DN3 DP

Relb°

Thymi from WT and KO mice

Purified thymocytes
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Virtual microdissection

Puthier et al. A General Survey of Thymocyte Differentiation by Transcriptional 
Analysis of Knockout Mouse Models. J. Immunol, 2004, 173(10):6109



  

TSSPTSSP
(Carrier A et al, Immunogenetics,
1999, 50 :255-270)

TECKTECK
(Wurbel MA, Eur.J. Immunol,
2000, 30:262)
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(Conrad CB, Eur.J. Immunol,
 2000, 30:3371)
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Virtual microdissection



  

K-means

Méthode de partitionnement
• Définir k-classes de patients ou de gènes pour les analyser 
individuellement

Définir a priori le nombre de classes (k)

Cet argument peut être assez difficile à déterminer lorsqu’on 
s’intéresse aux gènes (voire aux échantillons)

L’initialisation se fait au hasard (plusieurs solutions possibles)

K- means algorithm



  

K-means algorithm

The number of classes is given as input to the algorithm (here k=2)
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