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Publication bias

▶ Publication bias is the selective publication of studies and
usually favoring statistically significant outcomes

▶ Consequences of publication bias:
▶ False impression that an effect exists
▶ Overestimation of effect size

▶ Publication bias methods have primarily been developed for
meta-analyses including independent effect sizes
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Dependent effect sizes

▶ Occur when a single study contributes multiple effect sizes to
the meta-analysis

▶ Two types of dependencies:
▶ Hierarchical effects → multilevel meta-analysis model
▶ Correlated effects → multivariate meta-analysis model

▶ Dependent effect sizes are common in psychology, education,
and medicine [1–3] → 4.5 effect sizes per study

▶ Goal: Introduce a publication bias method for multilevel/
multivariate meta-analysis model
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Univariate selection model approach
▶ Generic term for methods combining effect size model with

selection model

▶ Effect size model: distribution of effect sizes in the absence of
publication bias

▶ Selection model: mechanism by which effect size estimates are
selected to be observed

▶ We focus on the step function selection model [4]

▶ “Steps” of p-values need to be set for studies that are assumed
to have the same publication probability
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Univariate step function selection model
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▶ Steps (0.05, 0.5) → selected by the user
▶ Publication probabilities (1, 0.6, 0.1) → estimated or selected

by the user
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Multivariate step function selection model

▶ Effect size model: Multivariate or multilevel meta-analysis
model

▶ Selection model focuses on missing an entire study due to
publication bias and not on outcome reporting bias

▶ Selection models using one step at significance threshold:
▶ Strict → studies with only significant outcomes are more likely

to be published
▶ Relaxed → studies with at least one significant outcome are

more likely to be published
▶ . . .
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Multivariate step function selection model

▶ Imagine a study with two outcomes:

Outcome 1 Outcome 2 Strict Relaxed

Significant Significant ω1 ω1
Significant Nonsignificant ω2 ω1

Nonsignificant Significant ω2 ω1
Nonsignificant Nonsignificant ω2 ω2

▶ ω1 and ω2 are the publication probabilities

▶ Implementation:
▶ Maximum likelihood estimation and large-sample standard errors
▶ We assume different publication probabilities in a sensitivity

analysis
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Example multilevel meta-analysis: Stereotype threat
▶ Stereotype threat refers to girls’ underperformance on math

tests when primed with a negative stereotype

▶ Picho-Kiroga et al. (2021) [5] conducted a three-level
meta-analysis → 100 effect sizes nested in 52 studies

▶ Hedges’ g → larger g, more evidence for stereotype threat

▶ 50% of the studies contained at least one significant effect

▶ The relaxed selection model was used

▶ ω1 = 1 to identify the model
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Example multilevel meta-analysis: Stereotype threat
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ω2 ≈ 0.29

▶ Conclusion: Results are not robust if publication probability of
studies without significant effect sizes is ω2 ≈ 0.29 or lower
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Discussion
▶ Results of a simulation study

▶ Small amount of bias of the proposed method if the true
publication probability was used

▶ Less or comparable bias than uncorrected model was observed
when misspecifying the publication probability

▶ Corrected estimates of the variance of the random effects and
corrected hypothesis tests can also be obtained

▶ We recommend using multiple realistic (preregistered) values
for the publication probability

▶ Future research
▶ Estimate the publication probability
▶ Study the flexibility of defining the selection model
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Thank you for your attention

Slides are available on my website:

www.robbievanaert.com

Our research group at Tilburg University:

www.metaresearch.nl
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Marginal model of multilevel meta-analysis model

Yi ∼ N(µ1, SML
i + ΣML)

In case a study contributes two effect sizes:

SML
i =

(
σ2

i1 0
0 σ2

i2

)

ΣML =
(

σ2
B + σ2

W σ2
B

σ2
B σ2

B + σ2
W

)

▶ Yi : vector containing the d effect sizes of the i th study
▶ 1: column vector of length k where all entries are 1
▶ SML

i : within-study covariance matrix
▶ ΣML: between-study covariance matrix
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Marginal model of multivariate meta-analysis model

Yi ∼ N(µ, SMV
i + ΣMV )

In case of a bivariate meta-analysis:

SMV
i =

(
σ2

i1 riσi1σi2
riσi1σi2 σ2

i2

)

ΣMV =
(

τ2
1 ρτ1τ2

ρτ1τ2 τ2
2

)

▶ Yi : vector containing the d effect sizes of the i th study
▶ µ: the vector containing the pooled true effect sizes
▶ SMV

i : within-study covariance matrix
▶ ΣMV : between-study covariance matrix
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PDF of univariate step function selection model

f (Yi ; µ, ω, si , σi) =
s−1
i w(Yi , σi)ϕ

(
Yi −µ

si

)
∫

s−1
i w(Yi , σi)ϕ

(
Yi −µ

si

)
dYi

(1)

w(Yi , σi) =


ω1 if − σiΦ−1(a1) < Yi < ∞;
ωm if − σiΦ−1(am) < Yi ≤ −σiΦ−1(am−1);
ωM if − ∞ < Yi ≤ −σiΦ−1(aM−1)

(2)

▶ Yi : observed effect size estimate
▶ σi : square root of the within-study sampling variance
▶ si : square root of the total variance
▶ ϕ: PDF of standard normal distribution
▶ m: index for the intervals
▶ M: total number of intervals
▶ a1, · · · , aM : cut points on the p-value scale 15



PDF of multivariate step function selection model

f (Yi , θ, Σi , ω, σi) = w(Yi , σi)ϕdi (Yi , θ, Σi)∫
w(Yi , σi)ϕdi (Yi ; θ, Σi)ddi Yi

(3)

▶ Yi : the vector containing the d outcomes from the i th study
▶ σi = (σi1, · · · , σid)
▶ θ: vector with average true effect sizes
▶ Σi : total covariance matrix
▶ ϕdi : di dimensional multivariate normal density
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Example multivariate meta-analysis: Aging and reading
▶ Eye movements during reading might differ between young and

older adults

▶ Moreno et al. (2019) [6] conducted a multivariate meta-analysis
with mean fixation and gaze duration as outcomes

▶ 14 studies were included that all reported both outcomes

▶ Hedges’ g → larger g, longer fixation time for older adults

▶ Both outcomes were significant in 50% of the studies

▶ The strict selection model was used
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Example multivariate meta-analysis: Aging and reading
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Mean fixation duration
Gaze duration

ω2 ≈ 0.18ω2 ≈ 0.06

▶ Conclusion:
▶ Severe publication bias was needed to change the conclusions
▶ Gaze duration is more susceptible to publication bias
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