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Goals of the presentation� Present a 
onjugate hierar
hi
al model usefulin analyzing normalized output frommi
roarray experiments� Dis
uss bene�ts/pitfalls of assuming
onjuga
y� Embed the 
onjugate model into a larger
lass of modelsDiagnose departures from 
onjuga
yAlternative model should 
onjuga
y notbe supported by the data� Fitting
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Some example A�ymetrix dataGroup A Group B7.4 7.6 7.3 7.6 7.7 7.55.0 5.4 5.3 5.3 5.5 4.94.7 4.8 4.8 4.8 5.0 4.66.5 6.8 6.6 6.7 6.7 6.57.2 7.4 7.0 7.1 7.4 7.38.8 9.1 8.6 8.7 9.0 8.94.9 4.8 5.0 4.8 5.2 4.87.4 7.7 7.5 7.5 7.8 7.48.7 9.1 8.7 9.0 9.2 8.69.9 10.2 9.9 9.9 10.1 9.9Referen
e: Irizarry et al. (2001 Biostatisti
s)
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Proposed model� Model Yg � MN(X�g; �gI)� g = 1; : : : ; G where G = number of genes� For our example
X =

0BBBBBBBBBBB�
1 11 11 11 01 01 0

1CCCCCCCCCCCA
� Note we assume X does not depend on g sothat we pre
lude the possibility of studyinggene�gene intera
tions
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Hierar
hi
al modelRe
all Ygj�g�g � MN(X�g; �gI)� Spe
ify a 
onjugate hierar
hi
al model with�gj�g �MN(�; F�g)and �g � IG(�; �)� Obtain EB estimates of �, � , � and F usingEMClosed form \E" step\M" step for F and � also has a 
losedform
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Ygj�g�g �MN(X�g; �gI)�gj�g �MN(�; F�g)�g � IG(�; �)Potential problems with 
onjugate model� Dependen
e between �g and �gIndependen
e between �g=�g and �g� Marginal distribution for �g is 
onservativelydi�use (t)� Simple generalization assumes�gj�g �MN(�; F�Æg)Æ = 1 
onjugate modelÆ = 0 independen
e
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Role of Æ
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Role of Æ
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Fitting via EM� Pro�le likelihood for ÆRepeatedly �x values of Æ and 
al
ulateestimates of F , �, � and �Fit via EM� EM algorithm treats �g and �g as missingdata� Let E� denote expe
tation 
onditional on ygand the 
urrent parameter estimates� It turns out that the next values for � and Fare �(t) = GXg=1E�[�g℄=GandF (t) = GXg=1E�[(�g � �(t))(�g � �(t))0��Æg ℄=G
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Cal
ulating � and �� Next value of � and � maximize� log ��log �(�)� �G GXg=1E�t [log �g℄� �G GXg=1E�t [��1g ℄EÆ
ient maximization te
hnique 
an beobtained by modifying methods formaximizing gamma likelihoods (Johnson andKotz CUD2)
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Details on the E-step� For general Æ 6= 1, all of the requiredexpe
tations are intra
table� Need fast (and a

urate) ways to approximatethese expe
tations� Via suitable transformations, ea
h of theseexpe
tations 
an be written in the formR10 f(u)h(u)u�e�uduR10 h(u)u�e�udu� A

urate approximation to su
h integrals isgiven by Gauss-Laguerre quadrature(Abramowitz and Stegun).
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Gauss-Laguerre quadrature� ApproximateZ 10 f(u)h(u)u�e�uduwith nXi=1 f(ni)h(ni)wifor weights wi and nodes ni.� Weights and nodes are 
onstru
ted so thatthe approximation is exa
t if h is apolynomial of degree n or lower� Fast algorithms exists for 
al
ulating wi andni (Press et al. Numeri
al Re
ipes in C)� To make h 
loser to 
onstant, I multiply anddivide the integrand by the h 
orrespondingto the 
onjugate model
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Details� EMI EM performed this way requires exa
tly 1pass through the gene index per \E" stepI No need to sum over the entire gene indexI Working with the suÆ
ient statisti
s, y0gygand X 0yg only, saves a lot of 
omputingtime� Cal
ulate the pro�le likelihoodI Start at the 
onjugate model Æ = 1I At the next Æ use the �tted values fromthe previous Æ as starting values
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Pro�le likelihoods for Æ for simulated data
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Con
luding remarks� It is diÆ
ult to diagnose 
onjuga
y via plots� The proposed model 
an diagnose 
onjuga
yand o�ers a solution should 
onjuga
y fail� EM using Gauss-Laguerre integration is ane�e
tive way to �t the model

16


