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Figure 1: (Efron 2008) n = 6033 genes, prostate cancer study



Stylized story goes out of style
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Figure 2: (Efron 2007) Left: n = 3226 genes, breast cancer study. Right:
n = 7680 genes, HIV study.

N(0,1) appears inappropriate. N(—0.09,1.552) and
N(—0.11,0.75%) appear more appropriate.



Stylized story goes out of style

reasons for failure of theoretical null

correlation among z-scores,
unobserved covariates,

among others

Efron’s suggested model
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Correlated z-Scores
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Robust Estimation
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Robust Estlmatlon

Theorem Under I—ubers settlng
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Robust Estimation

Efron
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The null distribution can be consistently estimated under
Efron’s setting, even when the non-null proportion is constant.



Goal

An alternative
way of writing Xj =0+ +0Zj~ N0+ 07
Efron’s model

sparse non-null effects Ivllo =Y Ty #0} <k
j=1
. What is the minimax rate
Question:

of estimation of the null?



| Iterature
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| Iterature
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| Iterature
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| Iterature
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Main Result
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‘Theorem [Kotekal & G.]. The minimax rate
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Main Result
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Conclusion 2

logarithmic rate |8 — 6]> <
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Main Result
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Conclusion 4

diverging rate |0 — 9]* < logn when
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Characteristic Function
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Characteristic Function
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Characteristic Function
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Characteristic Function
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Characteristic Function
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Characteristic Function
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Kernel Mode Estimator
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[ ower Bound
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Goal:

[ ower Bound
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[ ower Bound
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[ ower Bound
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[ ower Bound
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[ ower Bound

Ho: X1,y Xn (1 —)N(0,1) + e(Qo * N(0,1)) = po
Hi: X1, Xn & (1=2)N(0,1) 4+ e(Q1 + N(0,1)) = p1

n—l

Goal: find @ for which there exist Qoand Q1 such that x*(pol|lp1) <

. V2T
Fourier transform: x*(lp) < {— ZQ,%, / 91 (1) — By () e

X (ollpr) S (1= 2¢)°e7 /4

2 . 2
take 2 = log (1 + ne2(1 — 26)2) = log (1 4+ k (n Qk) )

n3



Estimating Variance
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Estimating Variance
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Estimating Variance
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Estimating Variance
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Estimating Variance
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Estimating Null Distribution
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