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Microarray Data
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@ Relative expressions only (fold
changes)

Single-channel:

@ cDNA from a single dyed sample

@ Absolute expressions
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Sample of n microarrays:

o Response vector yg = (Vg1,---,Ygn)' for each gene
g=1,....G
@ Assume the linear model

E(yg) = XB,, and Var(yg)zwgag

for known design matrix X and weight matrix Wy

@ Assume estimates have distributions
» 2 N Vo2 d 212 g 2
Bg|/6g70-g ~ (Bga go-g) an Sg‘o-g ~ ?ngg

independent across all genes
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Differential Expression

Under Hp : Bgj = 0, we have

~ tdg

Problem: Since n is often low, test statistics have high variance,
leading to many false positives

Solution: Share variance information across all genes to improve

estimates for aé
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Bayesian Estimation of 02,

—2.
g -

-2 1 X2
£ dosg do

Assume prior distribution on o
g

with hyperparameters sg and dy

Through conjugacy, we get posterior distribution:

1

—2).2 2
g |S ~ 7X
g 1°g 2 2 Adg+do
dgsg + dosy
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Bayesian Estimation of 02,

Now estimate crﬁ using the posterior mean

2 1 _ dgsé + dos3
5T E(0g72)  det o

From this, we get the moderated t-statistic

A

§.— P
gj S/ Ve

(Note: T — t as dy — 0, and T — ¢ as dy — o)
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Marginal Distributions

Under Hp : Bgj = 0, we have

Pty 5518g; = 0) = 3gvgp(Bgj, 5515 = 0)
= ggvg/P(BAgi\U?, & = 0)p(sglog *)m(og?)do,”

= [pdf for tg,+qy] x [pdf for Sngg,do]

Therefore,

2 2
tgj ~ tdg—i-do and Sz ™~ 50 ng’do

and they are independent
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Estimation of Hyperparameters

Want to use s2

; 2
2 across all genes to estimate sy and dy

Let zg = log sé% (Fisher's z):
© E(zg) = log s§ +1(dg/2) — /(do/2) + log(do/ dg)
® Var(zg) = ¢/(dg/2) +¢'(do/2)

Method of moments! Solve:

¥/(do/2) = Z[ —/(d/2)]

log 53 = — Z[zg (dg/2) + ¥(do/2) — log(do/dg)]
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Simulation Study - Setup

Data sets simulated under the assumed model:

Bg\ﬁgﬂé ~ N(Bg, vgaz,)
s;]az, ~ aﬁ,xf,g/dg
Bejlog, Bg # 0 ~ N(0, voo2)
a5 ~ Xap/(dosp)
Using the parameters:
e G = 15,000 (300 differentially expressed)
o d;=4,v;=1/3 vy=2, s§:4

@ dyp = 1,4,1000, more to less variable
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Simulation Study - Setup

The following statistics were compared:
O Fold Change: M, = 3,

@ Ordinary t - Student (1908): t, = Be

Sg\/Ve
© Offset t - Efron et al (2001): t; = (%Jrsfii)\/@
(%) - Lonnstedt and Speed (2002):
P(Bg # 0|Bg, 52, ..., 52)
B. — | g g5 21> ) 2G
g~ 108 B &2 2
P(Bg = 0|Bg, 57, .-, 5¢)
© Moderated t - My paper!: t, = Eg%@
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Simulation Study - Results

Different Variances (dp = 1)

—— Fold Change (AUC = 0.6877)
—— Ordinary t (AUC = 0.7482)
Offset t (AUC = 0.712)
Log Odds (AUC = 0.6883)
. —— Moderated t (AUC = 0.7528)
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Simulation Study - Results

# False Positives
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Balanced Variances (do = 4)

| — Fold Change (AUC =0.7481)

—— Ordinary t (AUC = 0.748)
Offset t (AUC = 0.7579)
Log Odds (AUC = 0.7592)
—— Moderated t (AUC = 0.7593)
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Simulation Study - Results

Similar Variances (do = 1000)

B -] — Fold Change (AUC =0.7701) .
— | — Ordinary t (AUC = 0.7486) L7
Offset t (AUC = 0.7669) .
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Simulation Study - Redux

Unfair to simulate data from the assumed hierarchical model?

Everything the same except:

ﬁglﬁg,aﬁ ~ N(Bg, vg(1 + ‘Sg‘)o'é)
Sglog ~ (1+ |Bel)ogxG, /de

Residual variance proportional to fold change
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Simulation Study - Redux

Balanced Variances (do = 4)

—— Fold Change (AUC =0.7387) s,
—— Ordinary t (AUC = 0.6401) Phe
Offset t (AUC = 0.7124) e
Log Odds (AUC = 0.6934) s
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Example data:

@ Swirl - mutation in BMP2 gene of zebrafish affecting
dorsal /ventral body axis

@ 4 microarrays - 2 dye-swap pairs
X=(1,-1,1,-1)7

@ 8448 spots (genes) on array

@ Raw data must be normalized first
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Normalization - Within

Microarray #3

log(R) - log(G)

M=

A =[log(R) + log(G)}/2




Normalization - Between
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Swirl Results

Prior degrees of freedom dy = 4.17
@ total df increases from 3 to 7.17

@ 54% reduction in variance of t under Hy

Prior variance sg = 0.0509

@ less then mean, greater than median

Moderated t finds BMP2 and Dix3 (a known target) more clearly
than other statistics

(These match the paper exactly! Yay!)
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Swirl Results

Top 20 Genes

B Moderated t
B Ordinary t
B Fold Change (x10)

BMP2
BMP2
DIx3
DIx3
20-L12
7-D14
27-E17
18-G18
24-H18
18-E1
18-F10
18-N24
Vox
18-G13
6-E18
3-120
3-D11
26-F24
6-G21
fli-1
Vox
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Conclusions

@ Need for sharing variance information across genes
@ Empirical Bayes uses data to estimate hyperparameters
@ Simulations showed method works well under model
assumptions
— best when variances are balanced
— robustness issues when model is violated
@ Swirl data also gives favorable results

— small sample and balanced variances

o Classification problem, not inference?
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Questions for you:
@ Drop microarray design?
@ Drop normalization?

@ Any more ideas for breaking the method?

Questions for me?
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