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e Phenotypic measurements (such as pH of the meat)
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Multiple tests (Benjamini and Hochberg, 1995)

e Gene-specific tests: t-tests (for example)
e Cut-off t for the p-values

Declared Declared Total

non DE DE
non DE U Vi mo FDR = E [ §|R; > 0] P(R; > 0)
DE T: St m; Which cut-off ensures FDR; < a ?
Total W, R¢ m

e BH's choice of t = py-: k* = argmaxy {k, m& <}

¢ Number of positive genes: 10

.. and the type Il error rate ?
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¢ Filtering the genes by means of metadata (von
Heydebreck et al., 2004)

.. integrating external information in differential analysis
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Comparative study of the power functions
Bounds for the power functions

Under Hj : M1 — U2 = (SO'y7 T(Z) ~N [5n,N(P); 1] with

o) = X=p%) 07 +p0 6

Power, < Powern n(p) < Powery
Equality holds if p =0 Equality holds if p = 1
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Small sample distribution when ¥ is estimated
ML estimators of the variance parameters (Causeur, 2005)

Under Hy : g — pp = doy,

ff T,
T(%) Vnp+n, —2 12

l+ 2 fif
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If p is not too small,

Power, < Powern n(p) < Powery
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Integrating auxiliary variables in other areas of
statistics

Origins:

Sample survey, estimation of a mean, Cochran (1963)

For parametric regression issues:

Econometrics, Conniffe (1985)

For nonparametric regression issues:
Breslow et al. (2003)

Multivariate monotone designs:
Causeur (2005)

Testing issues:

Causeur and Husson (2007)
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Future work

e Mathematical assessments of some properties

Control of the FDR

Impact of p on the NDR

Relaxing the hypothesis of an equal within-group
correlation ?

How to deal with multiple Z variables ?

Adaptive step-up procedures involving auxiliary variables

e Deriving optimal sampling designs for microarray
experiments

e Accounting for experimental costs
e Optimal allocation for a given equivalent number of slides
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Back to the pigs data

202 genes expressions are well correlated with pH

Ignoring Z
Integrating Z | Positive Negative | Sum
Positive 10 56 66
Negative 0 3376 3376
Sum 10 3432 3442

Some disagreements between the two strategies

e Example 1:
p-value = 0.890 ignoring pH vs 0.007 integrating pH

e Example 2: p-value = 0.035 ignoring pH vs 0.650
integrating pH

Future work
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