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Discussion indep of prob model

1. Terminal decision: under reasonable loss functions:
Reject if marg posterior prob > threshold t.

2. Sample size: preposterior expected loss

• One loss function for both decisions: FD(R) & FN(R)
• Conditional expected utility = “power”

3. Simulation: Evaluation by preposterior M.C.
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II. Probability Model & FDR

4. Prob model: (mixture of) gamma/gamma

5. Results

6. FDR: frequentist (BH), empirical Bayes, posterior FDR
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I. Decision Problems

Sequential decision problem:
First sample size, then terminal decision

1. Sample size choice:

• Before experiment, marginal over data.
• Decide # arrays J

2. Multiple comparisons:

• After experiment, conditional on data
• Decide n genes:

differential (rejection, “discovery”), vs. non-differential (“negative”)
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Sample Size for Microarrays

• Pan, Lin & Le (2002, Genome Bio): power argument

• Zien & al (2002): ROC type curves for achievable combinations of
false-negative & false-positive

• Lee and Whitmore (2002, Stat in Med): sample size in an ANOVA model

• Bickel (2003, preprint): net desireability function similar to LN .

• Mukherjee & al (2003, J Comp Bio): optimal sample size for classification.
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False negative rate: type II error
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False negative rate: type II error

FNR(d, z) =
∑

(1− di)zi

n−D
=

FN

n−D



7

Posterior mean FDR & FNR:

Genovese & Wasserman (Valencia 7, JRSSB 02)

• Let vi = Pr(zi = 1 | y). Posterior expected FDR:

FDR = E(FDR | y) = E

(∑
di(1− zi)

D
| y

)
=

∑
di(1− vi)

D



7

Posterior mean FDR & FNR:

Genovese & Wasserman (Valencia 7, JRSSB 02)

• Let vi = Pr(zi = 1 | y). Posterior expected FDR:

FDR = E(FDR | y) = E

(∑
di(1− zi)

D
| y

)
=

∑
di(1− vi)

D

Need only marginal post probs vi.



7

Posterior mean FDR & FNR:

Genovese & Wasserman (Valencia 7, JRSSB 02)

• Let vi = Pr(zi = 1 | y). Posterior expected FDR:

FDR = E(FDR | y) = E

(∑
di(1− zi)

D
| y

)
=

∑
di(1− vi)

D

Need only marginal post probs vi.

• Same for FNR

FNR = E(FNR | y) =
∑

(1− di)vi

n−D
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(Expected) Loss functions

Combine FD(R) and FN(R)

1. LN(d, y) = c FD + FN
2. LR(d, y) = c FDR + FNR
3. L2N(d, y) = (FD, FN)
4. L2R(d, y) = (FDR, FNR)

Multicriteria decision problems:

L2N : mind FN subject to FD ≤ αN .

L2R : mind FNR subject to FDR ≤ αR.
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Optimal terminal decision

Result: optimal terminal decision

di = I(vi > t)

under all four loss functions.

Threshold t∗L: Loss functions differ only in t = t∗L:

t∗N(yJ) = c/(1 + c),

t∗R(yJ) = . . .

t∗2R(yJ) = min{t : FDR(t, yJ) ≤ α},
t∗2N(yJ) = min{t : FD(t, yJ) ≤ α},
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Preposterior mean loss → sample size J .

Lm
R (J) = EyJ

[min
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N(J) = EyJ

[min
d
{LN(d, yJ)}],

Lm
2R(J) = EyJ

[
min

d
{FNR(d, yJ) | FDR(d, yJ) ≤ α}

]
Lm

2N(J) = EyJ

[
min

d
{FN(d, yJ) | FD(d, yJ) ≤ α}

]
Expectation: E w.r.t. yJ ; Nested optimization: min w.r.t. d.
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Power

Big bummer: [LN ]

FNR(yJ , t∗) = OP (
√

log J/J)

under L2R, L2N , LN .

Power: Conditional exp utility Lm(J | ρ) for true level of diff expression ρ.
= prob reject as function of (J, true effect) (up to const shift and scale)

β(ρi, J) = P{vi(yJ) > t(yJ) | ρi} =
∫

I(vi(yJ) > t(yJ)) dp(yJ | ρi) .
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3. Simulation

Compute L and Lm by preposterior sim.

Simulation: Loop over repeated simulations

1. Prior: (ωo, zo) ∼ p(ω, z).
2. Data: yJ1 ∼ p(yJ1 | ωo, zo).
3. Grid: J = J1, . . . , J0, let yJ ⊂ yJ1

• Posterior MCMC: Compute vi = P (zi = 1|yJ).
easy MCMC, starting with true ωo.

• Thresholds: Compute the cutoffs t∗L
• Save FN(t∗, yJ) and FNR(t∗, yJ).
• Save (J, ρo

i , di).

[LN ]
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Simulation (ctd.)
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simulated (J, FNR) and fitted curve FN(J, LN)

Curve Fitting of Monte Carlo Experiments:

1. Exp. loss Lm(J), FNm and FNRm: Curve through (J, FNR) and (J, FN).
2. Power: Fit curve through (J, ρo

i , di). [beta]
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Optimal sample size:
Use L̂m(J) and power curves for an informed choice.
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4. Probability Model
Newton et al. (01, J Comp Bio), Newton & Kendziorski (03), Kendziorski et al.
(03, Stat Med)

4.1. Gamma/Gamma hierarchical model

Observed gene expression:

Xij ∼ Ga(a, θ0i) and Yij ∼ Ga(a, θ1i).
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4. Probability Model
Newton et al. (01, J Comp Bio), Newton & Kendziorski (03), Kendziorski et al.
(03, Stat Med)

4.1. Gamma/Gamma hierarchical model

Observed gene expression:

Xij ∼ Ga(a, θ0i) and Yij ∼ Ga(a, θ1i).

Mean expressions:

θ0i ∼ Ga(a0, ν)

θ1i =

{
θ0i if zi = 0
∼ Ga(a0, ν) if zi = 1
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latent zi = I( diff exp )



16

latent zi = I( diff exp )

Differential expression:

Pr(θ0i = θ1i) = Pr(zi = 0) = p0.
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4.2. Mixture of Ga/Ga hierar model

• Mixture of Gammas:

Xij ∼
∫

Ga(a, θ0i rij) dp(rij|w,m)

and same for Yij ...

• Plus array specific mixture:

(Xij|rij, gj) ∼ Ga(a, θ0i gj rij)

and
(Yij|sij, gj) ∼ Ga(a, θ1i gj sij),

• MCMC: remains (almost) the same.
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• Pilot data: Use pilot data to estimate mixture for design.




