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Meta-analysis



Meta-analysis in a nutshell
Meta-analysis is useful to combine information from multiple
studies using an appropriate statistical model.
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Meta-analysis model

We can define a (random-effects) meta-analysis model as:

𝑦𝑖 = 𝜇𝜃 + 𝛿𝑖 + 𝜖𝑖

𝛿𝑖 ∼ 𝒩(0, 𝜏2)

𝜖𝑖 ∼ 𝒩(0, 𝜎2
𝜖𝑖

)

Where 𝜇𝜃 is the average true effect, 𝛿𝑖 is the random-effect of the
study 𝑖 (𝜃𝑖 = 𝜇𝜃 + 𝛿𝑖) and 𝜖𝑖 is the sampling error of the study 𝑖.
When 𝜏2 = 0 we have an equal-effects (or fixed-effect) model.



Inference on meta-analysis
Standard inference in meta-analysis can be done using a Wald test
(Wald, 1943).
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Meta-analysis with permutations (Follmann &
Proschan, 1999)

With 𝑘 observed studies where 𝑦𝑖 and 𝜎2
𝜖𝑖

being the observed effect
sizes and sampling variances:

1. Generate a random vector s of ±1 of length 𝑘
2. Multiply the y vector with the s vector
3. Fit the meta-analysis model and calculate 𝑧∗

𝑗 (𝑗 for permuted)
4. Repeat 1-3 for a large number of times 𝐵. With small 𝑘 we

can do all the permutations 𝐵 = 2𝑘 × 𝑘
The first permutation (𝑗 = 1) is the observed data. The p value
can be computed as:

𝑝 = #(|𝑧∗
𝑗 | > |𝑧∗

1|)
𝐵



Is meta-analysis the perfect
solution to everthing?



Is meta-analysis the perfect solution ?

▶ garbage in, garbage out: the quality of the meta-analysis
results depends on the quality of input studies

▶ uncontrolled heterogeneity: the strength and clarity of
meta-analysis results depends on the selection of studies and
the research question

▶ degrees of freedom: conducting a meta-analysis requires
making a lot of arbitrary choices



Meta-analysis, researcher degrees of freedom

Despite useful and very powerful, meta-analysis is characterized by
several (arbitrary) choices. For example:

▶ Should the study 𝑥 be excluded for theoretical or statistical
(e.g., outliers) reasons?

▶ Should we use an equal or random-effects model?
▶ Which value should take the pre-post missing correlation?
▶ …



An example: Pre-post Cohen’s 𝑑

With a pre-post Cohen’s 𝑑 we need the pre-post correlation 𝜌 to
calculate the sampling variance:

𝜎2
𝜖𝑝𝑝

= 2(1 − 𝜌)
𝑛 + 𝑑2

2𝑛
𝜌 is usually non reported and need to be chosen from previous
literature or a plausible guess.



Pre-post Cohen’s 𝑑
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The garden of forking paths

With multiple choices, there is a tree of possibilities.



The garden of forking paths

With multiple choices, there is a tree of possibilities.

Only some of them produce a significant results and just one of
them is usually reported in the final analysis and paper.



Multiverse Analysis



Multiverse (Steegen et al., 2016)

▶ Real-world data analysis involve several choices at each step
▶ There are many plausible alternatives to the chosen analysis
▶ The impact of alternatives is often neglected or strongly

underrated

The proposal!

Thus let’s report all the plausible analysis with a given
dataset!



Inference on multiverse

▶ The increase in complexity after taking into account scenarios
(hundreds or even thousands) is usually handled only
descriptively

▶ The specification curve (Simonsohn et al., 2020) is the only
inferential method but is not implemented for meta-analysis
and do not provide and appropriate p-value adjustment

The problem…

There is a lack of a general and valid inferential framework for
multiverse analysis



PIMA (Girardi et al., 2024)
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PIMA

▶ Use a multivariate extension of the sign-flip score test
(Hemerik et al., 2020)

▶ Works on generalized linear models (and meta-analysis)
▶ Controls the family-wise error rate
▶ Provides an overall multiverse p-value and corrected p-values

for each included scenario



Multiverse meta-analysis



General Workflow



Fast meta-analysis using permutations

▶ Meta-analysis using permutations requries recomputing 𝜏2

and 𝜇𝜃 after each permutation.

▶ We proposed to estimate 𝜏2 under 𝐻0 and use the value for
the permutations (without re-estimating it)

▶ This is extremely fast especially for large datasets and several
multiverse scenarios



Estimating 𝜏2 under 𝐻0

The crucial step is the point (1). This requires maximizing the
log-likelihood fixing 𝜇𝜃 = 0:

𝐿(𝜇𝜃, 𝜏2|y) = −1
2

𝑘
∑
𝑖=1

ln(𝜏2 + 𝜎2
𝜖𝑖

) − 1
2

𝑘
∑
𝑖=1

(𝑦𝑖 − 𝜇𝜃)2

𝜏2 + 𝜎2𝜖𝑖

This can be done in R using some optimizer function (e.g., optim)
or using directly the metafor package that allows fixing some
parameters that are usually estimated.



The main advantage of PIMA
The power (i.e., the impact of the correction) increases as the
correlation (likely to be high in a multiverse analysis) increase.
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A simulated example



Simulation approach

The data structure: an outcome (e.g., depression) measured with
multiple scales (e.g., different questionnaires) within each paper in
a pre-post design:
#> study outcome ni yi vi
#> 1 1 1 25 0.65 0.09
#> 2 1 2 25 0.42 0.08
#> 3 1 3 25 -0.71 0.09
#> 4 2 1 88 -0.07 0.02
#> 5 2 2 88 0.15 0.02
#> 6 ... ... ... ... ...
#> 7 9 3 72 -0.03 0.03
#> 8 9 4 72 -0.82 0.03
#> 9 9 5 72 0.13 0.03
#> 10 10 1 164 0.24 0.01
#> 11 10 2 164 0.58 0.01

yi is the pre-post effect size, vi is the sampling variance and ni
the sample size.



Simulation approach
Let’s make an example for a paper with 𝑗 = 3 measures of the
outcome:
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Simulation approach

We simulated individual participant data, thus:

1. Sampling the true values 𝜃𝑖𝑗 for each study 𝑖 and outcome 𝑗
from the multivariate distribution

2. Generating 𝑛𝑖 pre and post data with correlation 𝜌
3. Calculating the effect size (imputing the pre-post correlation)
4. Aggregating multiple outcomes within the same paper

(imputing the correlation)
5. Fitting the meta-analyis model
6. Calculating the scores
7. Repeating 3-4 for each scenario
8. Using PIMA



Simulation approach

We simulated a relatively simple but plausible multiverse with:

▶ 4 pre-post correlations
▶ 4 correlations between multiple measures of the same outcome
▶ 2 meta-analysis models (fixed and random-effects)

For a total of 32 multiverse scenarios.



P-value transformation
For the sake of intepretability, we used a transformation of the
p-value into pseudo Z scores as 𝑝𝑧 = Φ−1(1 − 𝑝

2)
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Multiverse results
The multiverse is associated with an overall p value of 0.016 1.
Then we can describe the overall results:
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Impact of multiplicity correction
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(valid) Post-hoc selective inference

Legal P-Hacking :)

After the overall test and p values correction, the survived sce-
narios (the blue dots) can be selectively commented, without
inflating the type-1 error.



~ Specification Curve (Simonsohn et al., 2020)
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Guidelines



Guidelines for multiverse meta-analysis

1. Multiverse meta-analysis must contain only PLAUSIBLE
models. Including implausible models (e.g., assuming a
pre-post correlation of 0.95) reduces the statistical power.

2. As with any other inferential test, multiverse analysis should
be PLANNED otherwise no control of type-1 error.

3. Like in standard meta-analysis, the quality of the conclusions
is related to the input data and the choice of multiverse
scenarios.
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Future steps



Future steps

▶ extending to multilevel and multivariate meta-analysis (the
permutation approach is not straightforward)

▶ create an R package for multiverse meta-analyses with ad-hoc
functions to analyze, report, and visualize the results

▶ create a data simulation framework for simulating a plausible
multiverse for power and design analysis
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