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Standard distancesStandard distances

Pearson correlation coefficientPearson correlation coefficient
Overly sensitive to the shape of expression curveOverly sensitive to the shape of expression curve
Variables X and Y, with means Variables X and Y, with means XXmm and and YYmm and standard and standard 
deviations Sdeviations SXX and Sand SYY respectively respectively 

Euclidian distanceEuclidian distance
Mainly considers magnitude changeMainly considers magnitude change
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More standard distancesMore standard distances

Spearman Rank CorrelationSpearman Rank Correlation
Cannot distinguish real differences from random errorsCannot distinguish real differences from random errors

Sign of the firstSign of the first--order differencesorder differences
Loses informationLoses information

)1(

))()((6

1
2

1

2

−

−
−=

∑
=

nn

yrankxrank

r

n

i
ii

)))(sgn((
1 1

1
11∑

−

=
++ −−=

n

i
iiii yyxx

n
r



Distance comparisonDistance comparison

The SRC for the two profiles is 0.93 
whereas the Pearson correlation is 
0.3.

The SRC for the two profiles is 0.93 
whereas sign of first order differences 
yields a similarity of 0.3.



SAGE dataSAGE data
Serial Analysis of Gene ExpressionSerial Analysis of Gene Expression
Produces a snapshot of the messenger RNA population Produces a snapshot of the messenger RNA population 
in a sample of interestin a sample of interest
The output of SAGE is a list of short sequence tags and The output of SAGE is a list of short sequence tags and 
the number of times it is observed, called a SAGE librarythe number of times it is observed, called a SAGE library
Tag counts are approximately Poisson distributedTag counts are approximately Poisson distributed
Comparison to DNA Comparison to DNA micorarraymicorarray
nn SAGE is a sequenceSAGE is a sequence--based sampling technique.based sampling technique.
nn Observations are not based on hybridization, which result in Observations are not based on hybridization, which result in 

more qualitative, analog values. more qualitative, analog values. 
nn mRNA sequences do not need to be known a priori, so genes or mRNA sequences do not need to be known a priori, so genes or 

gene variants which are not known can be discovered. gene variants which are not known can be discovered. 
nn MicroarrayMicroarray experiments are much cheaper to perform, largeexperiments are much cheaper to perform, large--

scale studies do not typically use SAGE.scale studies do not typically use SAGE.



Data modelData model

YYii((tt) count of tag ) count of tag ii in library in library tt
YYi i = (Y= (Yii(1), (1), …… YYii((TT)) vector of counts of tag )) vector of counts of tag ii over a over a 
total of total of TT librarieslibraries
YYii((tt) is Poisson distributed with mean ) is Poisson distributed with mean 
ggit it = = llii((tt))qqii where:where:

qqi i defines magnitudedefines magnitude
llii = (= (llii(1), (1), ……, , llii((TT)) defines shape)) defines shape

Parameters are estimated as: Parameters are estimated as: 
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Likelihood estimatesLikelihood estimates

Take a cluster consisting of tags 1, 2,Take a cluster consisting of tags 1, 2,……, , mm corresponding corresponding 
to libraries to libraries YY11, , ……, , YYmm

Maximum likelihood estimates of Maximum likelihood estimates of ll and and qq11, , ……, , qqm m areare

Common shape parameter Common shape parameter ll= (= (ll(1), (1), ……, , ll((TT)) )) 
Joint likelihood function estimates the probability of Joint likelihood function estimates the probability of tags tags 
1, 2,1, 2,……, , mm belonging to the same cluster belonging to the same cluster 
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Cluster estimatesCluster estimates

Evaluate how a particular tag fits in a clusterEvaluate how a particular tag fits in a cluster
LogLog--likelihood function estimatelikelihood function estimate

ChiChi--square static estimatesquare static estimate
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PoissonCPoissonC and and PoissonLPoissonL

1.1. All SAGE tags are assigned at random to K All SAGE tags are assigned at random to K 
sets. sets. qqjj is estimated for each tagis estimated for each tag

2.2. Set cluster center Set cluster center ll((kk,0) ,0) for each cluster. for each cluster. 
Current iteration Current iteration ii=0=0

3.3. In the In the iithth iteration, assign each tag iteration, assign each tag jj to cluster to cluster 
with the closest centerwith the closest center

PoissonCPoissonC uses Chiuses Chi--square distance to estimate fitsquare distance to estimate fit
PoissonLPoissonL uses loguses log--likelihoodlikelihood

4.4. Set new cluster center Set new cluster center ll ((kk,,ii+1) +1) 

5.5. Go to step 3 until convergenceGo to step 3 until convergence



Lifting methodsLifting methods

By projecting to an abstract space, previously hidden By projecting to an abstract space, previously hidden 
properties can be revealedproperties can be revealed
Similar to kernel functions in dimension reduction Similar to kernel functions in dimension reduction 
methodsmethods
Set of column vectors Set of column vectors ee11, , ……eenn defines the transformation defines the transformation 
of the gene expression profile of the gene expression profile YYi i = (Y= (Yii(1), (1), …… YYii((TT)) as)) as

ZZii = (Z= (Zi1i1, , …… ZZinin) =) =YYi i ((ee11, , ……eenn) ) 
Column vectors can be Column vectors can be 

EigenspaceEigenspace of a parametric covariance matrixof a parametric covariance matrix
Set of principal component vectors based on the empirical Set of principal component vectors based on the empirical 
covariance matrix (covariance matrix (PCAChisqPCAChisq))
Vector that compute the difference between each pair of originalVector that compute the difference between each pair of original
vector elements (vector elements (TransChisqTransChisq))



TransChisqTransChisq
Considers mutual differences of the original vector Considers mutual differences of the original vector 
componentscomponents
Gene with expression profile Gene with expression profile YYi i = (Y= (Yii(1), (1), …… YYii((TT)) is )) is 
transformed to vector transformed to vector ZZii of dimension T(Tof dimension T(T--1)/2 with 1)/2 with 
components of the form Ycomponents of the form Yii((tt11))--YYii((tt22) for ) for tt11=1,=1,……, T, T--1 and 1 and 
tt22=(=(tt11+1),+1),……,T ,T 
Mean and variance of the projected data can be Mean and variance of the projected data can be 
computed as:computed as:

E(YE(Yii((tt11))--YYii((tt22))=())=(llii((tt11))--llii((tt22))))qqii
Var(YVar(Yii((tt11))--YYii((tt22))=))=())=))=(llii((tt11)+)+llii((tt22))))qqii

For a cluster consisting of tags 1, 2, For a cluster consisting of tags 1, 2, ……, , mm cluster cluster 
dispersion can be computed asdispersion can be computed as
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Generalized metricGeneralized metric

According to Poisson model, mean and variance According to Poisson model, mean and variance 
of the projected data areof the projected data are

For cluster consisting of tags 1,.., For cluster consisting of tags 1,.., m m cluster cluster 
dispersion can be calculated as:dispersion can be calculated as:
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Simulated dataSimulated data





Experimental maize gene expression dataExperimental maize gene expression data



MicroarrayMicroarray yeast yeast sporulationsporulation gene expression datagene expression data
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