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Identification of publication bias

PEESE:
Êi = E0 + βSE(Ê)2

i + ui ,

Methods or p-hacking

Methods or p-hacking

corr(SE ,u) 6= 0⇒ β̂ and Ê0 biased.

Natural solution: N instrumenting SE(Ê)2
i → MAIVE.

Or add covariates!
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Classical heterogeneity measure

Common measure: estimate the relative heterogeneity of
underlying effects (Higgins and Thompson, 2002)

I2 ≡ underlying variance of effects
observed variance of estimates

=
τ2

τ2 + v̄

• I2 = 0.75 ∼ 1.0 . . . “considerable heterogeneity” in
medicine (Cochrane Review Guideline)
• I2 ' 0.9 . . . common in economics meta-analyses (e.g.,

Vivalt, 2021)

Unresolved concern:
• no universally agreed criteria for “too much” heterogeneity
• undesirable pattern: with more precise studies, higher I2
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Guiding example: beauty and success
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Heterogeneity both within and across
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Wide dispersion
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Measurement of beauty
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Measurement of success
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Data characteristics
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Estimation technique
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Publication characteristics
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Beauty measurement doesn’t matter
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Success measurement doesn’t matter

T. Havranek (Prague) Lecture 9: Heterogeneity Meta in Econ and Finance 13 / 28



Method doesn’t matter
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Ability control matters
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Occupation matters
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Sex workers stand apart
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Option 1: subsamples
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T. Havranek (Prague) Lecture 9: Heterogeneity Meta in Econ and Finance 19 / 28



Option 1: subsamples
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Option 1: subsamples
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Option 2: Bayesian model averaging

• We want to regress estimates of the beauty effect on
variables reflecting heterogeneity
• But too many variables; model uncertainty
• Solution: run regressions with different combinations of the

variables
• Give more weight to those that fit the data well and are

parsimonious
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Option 2: Bayesian model averaging

• Model averaging can be frequentist but computationally
difficult
• Intuition: run different combinations and weight by adjusted

R2 or information criteria
• In the Bayesian setting we can use the MCMC algorithm
• G-prior: all coefficients are zero. Weight? UIP = the prior

has the same weight as one observation
• Model prior: uniform = all models have the same weight
• Dilution prior: models with collinearity get less weight
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Model inclusion in BMA
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Posterior densities
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Regression results
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Best practice (implied estimate)

• From BMA results we know how estimates depend on
study design
• Some study designs are better: identification, data,

generally quality
• Select best practice based on the literature

(quasi-experimental studies, etc.)
• Compute fitted values and confidence intervals (lincom

command in Stata)
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Best practice (class size effect)
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