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THE PROBLEM OF 
MULTIPLE TESTING

HYPOTHESIS TESTING
(Statistical Errors)

No error (1-β)Type II error (β)H0 is false

Type I error (α)No error (1-α)H0 is true

H0 is rejectedH0 is not rejected

Power

Significance 
level

Standard approach:

Specify an acceptable type I error rate (α)

Seek tests that minimize the type II error rate (β),
i.e., maximize power (1 - β)
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THE PROBLEM OF MULTIPLE TESTING
Suppose you carry out 10 hypothesis tests at the 5% level

(assume independent tests )

The probability of declaring a particular test 
significant under its null hypothesis is 0.05

But the probability of declaring at least 
1 of the 10 tests significant is 0.401

If you perform 20 hypothesis tests, this 
probability increases to 0.642…

1 - 0.9510

Typically thousands of genes simultaneously

Type I error rate (α)

Suppose: Self-self hybridization with g = 1000 genes; and
α = 5% (for each test)
• Expected 1000 × 0.05 = 50 false positives…

m1STNo false H0

R

V

No H0 rejected

mm – R

m0UNo true H0

No H0 not rejected

Observable quantity (no rejected H0)

Adjusting p-values:

Controlling family-wise type I error rates
(Westfall and Young, 1993)

False discovery rate
(Benjamini and Hochberg, 1995; Storey et al., 2002)

known quantity

Unobservable 
random variables

Set-up: Testing m null hypothesis Hj (j = 1,…,m) (mo true and
m1 false null hypothesis; R: no H0 rejected (false positives)
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Some definitions (main rates):

• Per-comparison error rate (PCER):
m

]V[EPCER =

• Family-wise error rate (FWER):

)0VPr(1)1VPr(FWER =−=≥=

• False discovery rate (FDR):

)0RPr(]0R|R/V[E]0R|R/V[EFDR >>=>=

Strong and weak control of type I error rate:

• Strong control: control type I error rate under any combination
of true and false hypothesis (m0 and m1)

• Weak control: control type I error rate only when m1 = 0 (H0
C)

(very unlikely scenario in the microarray setting)

Positive FDR (pFDR); Storey (2002)

Adjusted p-values:

]1 ,mpmin[p~ jj =

• Single-step procedures: Equivalent adjustments are 
performed for all hypothesis

• Stepwise procedures: Adjustments based not only on m, 
but also on outcome of the tests

Step-down methods: Order unadjusted p-values and start 
with the most significant

Step-down methods: Order unadjusted p-values and start 
with the least significant

Strong control of FWER at level α:

Bonferroni: Rejects any hypothesis Hj with p-value less 
than or equal to α/m, i.e.:

adjusted p-value         unadjusted p-value
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]1 ,)p1(1min[p~ g
jj −−=

Sidák: Rejects any hypothesis Hj with p-value less 
than or equal to 1-(1-α)1/g, i.e.:

• Very similar to Bonferroni adjustment.

• Both are too conservative...

]}1 ,p)1km{min[(maxp~
kj rj,,1kr +−=

= K

Holm step-down approach:

• Less conservative than Bonferroni.

m21 rrr ppp ≤≤≤ K

None of these methods, however, take into account 
dependence between tests (co-regulated genes)

Westfall and Young (1993) 

Step-down minP adjusted p-values:

• These procedures guarantee weak control of FWER in all
cases, and strong under the additional assumption of subset
pivotality (Dudoit et al., 2002).
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Step-down maxT adjusted p-values:
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Strong control of FDR:

Benjamini and Hochberg (1995):

• Strong assumption of independence between tests…

• More general approach multiply by mlog(m) 
(reasonable approximation for a particular form of 
dependence, when m is large)

kr
p

q-value (Storey, 2001):

• q-value: minimum pFDR that can occur when rejecting
a statistic equal to the observed one for a 
nested set of rejection regions. 

Comparison of Multiple Testing Procedures:

Callows’s APO AI knock-out experiment

• Two samples of 8 mice each (12870 possible permutations)

• Probes m = 6,356 cDNA
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Golub’s leukemia study

• Two types of leukemia: ALL (n = 27) and AML (n = 11)

• Oligonucleotide arrays with 6,817 genes

• Final dataset: m = 3051
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Golub’s leukemia study

Source: Terry Speed’s web page
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Final Remarks:

• FWER: too conservative for microarray experiments

• Permutation based adjustments generally not 
satisfactory because of small sample sizes (discreteness)

• FDR (or pFDR) appear to be most promising alternative

EXAMPLE: PROC MULTTEST
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RESULTS
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