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Likelihood function

L(h,r2|y, V) ∝
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Vi + r2
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-
1
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n∑
i=1

(yi - h)2
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Classical Inference for Hierarchical Model

Asymptotic justification: as n → L (large number of units)

ĥ ∼ N
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1
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]-1
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• Draper notes that these expressions do not account fully for the uncertainty in
r2, and therefore underestimate the true sampling variances.

• See Browne and Draper (2000), who conclude that Bayesian simulation is
probably the best way to estimate these models.
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Example: meta-analysis of aspirin and heart attacks (Draper et al.,
1992)

Data: 6 studies of effects of aspirin on survivorship after acute myocardial
infarction

Aspirin Placebo
Study Patients Mortality (%) Patients Mortality (%)
UK-1 615 7.97 624 10.74
CDPA 758 5.80 771 8.30
GAMS 317 8.52 309 10.36
UK-2 832 12.26 850 14.82

PARIS 810 10.49 406 12.81
AMIS 2267 10.85 2257 9.70
Total 5599 9.88 5217 10.73

n.b., the large AMIS study finds a negative effect, and tends to dominate any
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n.b., the large AMIS study finds a negative effect, and tends to dominate any
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Example: meta-analysis of aspirin and heart attacks (Draper et al.,
1992)

Data: 6 studies of effects of aspirin on survivorship after acute myocardial
infarction (heart attack). Some patients given aspirin; some given a placebo.

Aspirin Placebo
Study Patients Mortality (%) Patients Mortality (%)
UK-1 615 7.97 624 10.74
CDPA 758 5.80 771 8.30
GAMS 317 8.52 309 10.36
UK-2 832 12.26 850 14.82

PARIS 810 10.49 406 12.81
AMIS 2267 10.85 2257 9.70
Total 5599 9.88 5217 10.73

n.b., the large AMIS study finds a negative effect, and tends to dominate any
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pooled analysis.
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Example: meta-analysis of aspirin and heart attacks

Data: each study yields a difference of means yi and an accompanying standard
error

Jackman, Bayesian Modeling, Yale University, March 25, 2004
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Example: meta-analysis of aspirin and heart attacks

Data: each study yields a difference of means yi and an accompanying standard
error

Study yi se Zi pi

UK-1 2.77 1.65 1.68 .047
CDPA 2.50 1.31 1.91 .028
GAMS 1.84 2.34 0.79 .216
UK-2 2.56 1.67 1.54 .062

PARIS 2.31 1.98 1.17 .129
AMIS -1.15 0.90 -1.27 .898
Total 0.86 0.59 1.47 .072

i.e., simple pooling finds a small effect, statistically indistinguishable from zero
at conventional levels of significance.

Jackman, Bayesian Modeling, Yale University, March 25, 2004
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Estimation and Inference for Hierarchical Model via Bayesian
Simulation

• See WinBUGS job, aspirin.

Jackman, Bayesian Modeling, Yale University, March 25, 2004
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Example: Hierarchical Model for Economic Growth

Corporatism example.
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