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Summary: A Bayesian method for design of experiments for genome-wide case-control studies is given. A closed-form expression for an approximate Bayes factor is used
to determine sample sizes required for power to detect effects with a given Bayes factor, B, where B is chosen sufficiently large to obtained respectable posterior odds, as
needed to robustly detect effects. Dominant, recessive and additive models are considered for SNP markers in linkage disequilibrium with a putative causal locus. Power
calculations are illustrated with respect to a typical scenario and recent genome-wide association studies (GWAS). We conclude that even current thresholds of P < 5×10−8

may not be sufficient and that much larger sample sizes are needed to robustly detect effects in the range of effect sizes and minor allele frequencies previously considered
detectable.

Introduction

Genome-wide association studies require strong evidence for marker-trait asso-
ciations due to the need to overcome low prior odds for any given marker to be in
sufficiently high LD with a practically significant causal effect.

Despite initial optimism, many published genomic associations were spurious
(Altshuler et al. 2000; Emahazion et al. 2001; Terwilliger and Weiss 1998; Ball
2007). More recent studies had much larger sample sizes and used more stringent
thresholds: e.g. WTCCC (2007), had n = 2000 cases and n = 3000 controls and
a threshold of P < 5 × 10−7. Our Bayesian calculations (Ball 2008) showed that
of 24 WTCCC effects with P < 5 × 10−7 about half (those effects near the thresh-
old) correspond to posterior odds less than 1. The required threshold continues
to decrease and is currently P < 5 × 10−8, yet even this may not be sufficient.
What threshold to use is critical yet the optimal threshold in any situation is not
clear. At the root of the problem is that fact that a low p-value does not necessarily
correspond to strong evidence that an effect is real (Berger and Berry 1988).

To overcome these problems we propose designing experiments with power to
detect effects with a sufficiently large Bayes factor to obtain respectable posterior
odds. We extend our previous method for quantitative traits (Ball 2004, 2005), to
case-control studies.

Genome-wide case-control studies

• interest in complex diseases

• sample of cases and controls

• additive, dominant, or recessive

model

• estimate odds ratio or relative risk

• many small effects

• large sample sizes, many SNPs

(p ≪ n problem)

• low prior odds

⇒ need strong evidence

p-values, Bayes factors, and strength of evidence

• No relationship between p and Pr(H1 | y) indept. of sample size, expt. design

etc.

• Direct interpretation of Bayes factor as strength of evidence:

B =
Pr(y | H1)

Pr(y | H0)
(1)

posterior-odds = B × prior-odds (2)

• smaller p needed for given B with increasing sample size

⇒ use B to specify strength of evidence

⇒ design experiments with power to obtain sufficiently large B

A typical scenario

• genome scan with 500k SNPs,

• 10 causal loci expected,

• extent of LD ∼ 60kb,

⇒ prior odds 1:50000

• posterior odds desired 20:1

⇒ Bayes factor required 106.

Case-control studies, dominant model

Table 1. Observed counts and expected proportions for cases and controls by

genotype class in the dominant model.

observed counts expected proportions

aa Aa or AA aa Aa or AA

Case n11 n12 p11 p12

Control n21 n22 p21 p22

Test statistics and variance

η̂ = log

(

n11n22

n12n21

)

= log p̂11 − log p̂12 − log p̂21 + log p̂22 (3)
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Approximate Bayes factor and power calculation

Asymptotic approximation to Bayes factor (cf. Ball Jan. 2007, Wakefield Jul. 2007):

π(z) ∼ N
(

0,
1

a

)

(prior ∼ a sample pts.) (6)
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n + a
Zn,

1

n + a

)

(Bayes’ theorem) (7)

B =
π(z = 0)

g(z = 0 | Zn)
(Savage–Dickey) (8)
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The power (P) is given by:
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P ≈ Pr(|Zn| > ZB | η, a, n, ν) ≈ 1 − Φ
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n
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Incorporating LD

• test statistic at marker locus as

above

• minor allele frequencies (MAF) p, q at marker, causal locus (resp.)

• case-control genotype frequencies pij, qij at marker, causal locus (resp.)

• partial derivs. to adjust prior at

trait locus to prior at marker locus

pij = fij(qij, D) e.g. (dominant model):

p11 =
q11 (D + (1 − p) (1 − q))2

(1 − q)2
+

q12

(

2 ((1 − p) q − D) (D + (1 − p) (1 − q)) + ((1 − p) q − D)2

)

q2 + 2 (1 − q) q
,

(12)
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×
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,
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qij in terms of q, q0 (baseline risk), ν (prevalence). e.g. :

q11 =
(1 − q)2 (1 − q0 )

1 − ν
, (16)
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Results

Table 2. Bayes factors (Ba, a = 1) corresponding to various thresholds, in case-

control studies with n = 5000 (ncases = 2000, ncontrols = 3000) or n = 50000 (ncases =

20000, ncontrols = 30000).

α (n = 5000) α (n = 50000)

5 × 10−7 5 × 10−8 1.5 × 10−9 5 × 10−7 5 × 10−8 1.5 × 10−9

B 4460 41900 1.29 × 106∗ 1370 12700 386000

∗B > 106
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Figure 1: Dominant model, power for B = 1, 000, 000 versus log
10

n.
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Figure 2: Recessive model, power for B = 1, 000, 000 versus log
10

n.

Table 3. Minimum odds ratio detectable with power P = 0.8 to obtain a Bayes factor

B ≥ 103, 106 in case-control studies with ncases = 2000, ncontrols = 3000†.

B = 1000 B = 106

q p/q D′ = 0.5 D′ = 0.8 D′ = 1 D′ = 0.5 D′ = 0.8 D′ = 1

0.5 1.00 1.54 1.329 1.27 1.71 1.414 1.34

0.2 1.00 1.96 1.567 1.45 2.24 1.714 1.56

0.1 1.00 3.12 2.193 1.93 ∗ 2.594 2.22

0.5 0.50 2.38 1.767 1.60 2.85 2.016 1.77

0.2 0.50 ∗ 2.479 2.13 ∗ 3.068 2.53

0.1 0.50 ∗ ∗ ∗ ∗ ∗ ∗
∗min. OR > 3.5; † additive model.
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Figure 3: Additive model, power for B = 1, 000, 000 versus log
10

n.

Conclusions

• Bayes factor B of the order of 106, needed for good posterior odds in common

scenarios.

• Current experiments underpowered to detect effects with this level of evidence.

• P < 5 × 10−7 ↔ B ∼ 4400 (a = 1) not sufficient for good posterior odds.

This value twice would be sufficient. P < 5 × 10−8 ↔ B ∼ 42000. Still not

sufficient. P < 1.5 × 10−9 sufficient for the typical scenario with conservative

prior assumptions.

• Effects not robustly detected if power low (cf. Visscher 2008), and detected

effects tend to be over-estimated (selection bias) (cf. Ball 2001).

• Power very low if MAF = 0.05 or OR = 1.2.

• Power low for OR < 2.0, MAF < 0.2 under the recessive model. A significant

proportion of moderate to large size effects may be undetected.

• Maximum LD and hence power, is reduced if marker and trait frequencies (p,

q) are disparate (cf. Yang et al. 2010)

• Failure of GWAS to explain much of the genetic variation may be due to failure

of the “common disease common variant” hypothesis, but may also be due to

lack of power.

• Sample sizes as high as n = 106 needed for good power to detect some of the

effects claimed.
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