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Translational Clinical Trials

Clinical trials with microarray data to identify genes which may
influence clinical outcome, e.g. response to treatment.

Each gene is analysed as covariate in a univariable regression
model and its effect on the outcome variable is tested.

Especially logistic regression models for binary clinical outcome
variables.

To account for multiple testing the resulting p-values have to
be adjusted adequately.

Incorporate complex and unknown dependence structures
among genes.
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Multiple Hypotheses Testing - Notations
testing M null hypotheses simultaneously
precisely: testing slope coefficients of M generalized linear

models E(Y) = g~ (Bo.m + B1.mXm) for m=1,... M, g a
link function, e.g. logit for a logistic model

HO,m . ﬂl,m =0 and HA,m . 517,71 75 0 m= 1, ceey M

M x n matrix of realizations; mth row with entries xmn1, ..., Xmn
corresponds to covariate X,

p-values pm = P(Tpm > Tpm(Xm1, ..., Xmn)) derived from a
test statistics Tp m, €.g. Likelihood Ratio test statistics

Qno joint null distribution of the M vector of test statistics,
Qn,m marginal distribution of T,
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Type | Error Rates
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Number of not
Ho rejected | rejected
true U % ho
false w S hy
M—-R R M

False discovery rate:

FDR—E[;‘V>O] P(V > 0)

e Benjamini-Hochberg (1995) for independent data

e Benjamini-Yekutieli (2001) for any dependency, but too
conservative

e Westfall & Young (1993) resampling-based multiple testing,
but rely on subset pivotality condition

e Resampling methods by Dudoit et al. (2004) do not rely on
subset pivotality condition (R package multtest)
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resampling MTP

Test Statistics Null Distribution
Shift and Scale Transformed Test Statistics (SST):

[zn,m = \/min (1 vary) (Toum = ElTaml) + 20

Ao and 7g user-supplied upper bounds for mean and variance of test
statistics under Ho m

Quantile Transformed Test Statistics (QT):

Zn,m = qo_lQn,m(Tn,m)]

qo user-supplied marginal test statistics null distributions.

Main feature: joint null distributions based on SST and QT test
statistics provide asymptotic control of the Type | error rate with
arbitrary dependence structures, data distributions and test
statistics
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resampling MTP

Bootstrap estimation of SST or QT null distribution

SST

Raw Bootstrap Test
Statistics T2

row means E[T2,]
row variances Var[T2,)]

user-supplied Ao, 70

Null Shift and
Scale-transformed Test
Statistics Z2

Data

empirical distribution of
B 3»B _
columns of Z,7, 2,7 =
bootstrap estimator of
test statistics null

distribution Qpo

Other Methods:
1.) Marginal methods (BH, BY)

2.) Permutation methods

QT

Raw Bootstrap Test
Statistics T,2

row empirical cdfs Q,fm

user-supplied qo

Quantile-transformed
Test Statistics ZZ
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Motivation FDR Control resampling MTP Simulation Studies

Augmentation Procedures

Basic concept: add suitably chosen null hypotheses to the set of
hypotheses already rejected by an initial FWER-controlling MTP

R package multtest: fwer2fdr

FWER FDR ~ FWER and FDR
°.(1) Controlling Methods
Ho,(2) B 1
R R »
:
+k é 2 — FWER
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>
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k T g
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g9
>
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Ho,(m) Ho,(m) ©
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Simulation Studies

Simulation Study | - Resampling Methods

Hypotheses and Test Statistics:
e linear Model: Y = (g m + B1,mXm + €, with e ~ N(0, 1),
m=1,...M
e Hypotheses Hom : fi,m =0vs. Haym: B1m #0, m=1,... M
e Likelihood Ratio (LR) and Wald (W) Test Statistics
Model Parameters:
e M =50, 500, 1000
e n =150, 100, 250
e proportion of true null hypotheses: hy/M =1, 0.95

e SST or QT
e parameters for SST:
forWald A\ =0, g=1andfor LR \g =1, 19 =2
e marginal distribution for QT:
for Wald go ~ N(0,1) and for LR qo ~ x3
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estimated error rate

estimated error rate

Motivation FDR Control resampling MTP Simulation Studies

Results Simulation Study |
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e Wald Test Statistics

® |ikelihood Ratio Test Statistics
10/12



Motivation FDR Control resampling MTP Simulation Studies

Simulation Study Il - Marginal Methods

Logistic Model: logit(Y = 1|Xm) = Bo,m + B1,mXm.
m=1,....500

HO,m : ﬂl,m =0 vs. HA,m : ﬁl,m 75 0, m= 1, ...,500
test statistics: Wald, LR

marginal method: Benjamini-Hochberg

M=500
o W Wald-N(0,1)
S | 4 . B LR~Chi2
=1 ® . + + +
+ T . . . +
& b + -+ *-p o
g ° + . : o
e« . +
E S+
o 3 n
2 | +
g w
5 8 B .
o o +
h +
=
o
=
S}

n=50 n=100 n=250 n=300 n=400 n=500

Logistic Regression Model 11/12



Simulation Studies
Summary

Findings:
e quantile transformation works better for Likelihood Ratio test
statistics

e resampling-methods do not control FDR when based on
asymptotic distributions for small sample sizes and large
numbers of tests

e marginal methods are unreliable for small sample sizes when
based on asymptotic p-values
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statistics

e resampling-methods do not control FDR when based on
asymptotic distributions for small sample sizes and large
numbers of tests

e marginal methods are unreliable for small sample sizes when
based on asymptotic p-values

Recommendations:

e rather use QT instead of SST (nulldist=boot.qt)

e within marginal methods use permutation tests to obtain raw
p-values when dealing with small sample sizes



	Motivation
	FDR Control
	resampling MTP
	Simulation Studies

