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Problem statement

Researchers using fMRI data have a wide range of analysis tools to
model brain activity. This diversity of analytical approaches means
there are many possible variations of the same imaging result
(Bowring et al., 2019). Analyzing a dataset with a single approach
can thus be misleading.

Alternatively, a multiverse analysis can be used, where multiple
sets of results are obtained from running different pipelines on the
same dataset. Such a setting produces multiple outputs in the form
of a statistical map. Meta-analysis approaches can then help to
effectively extract a unique result from these maps.

A required assumption for traditional meta-analyses is the
independence among input datasets (Fig. 1, a). This assumption is
no longer true in a multiverse setting (Fig. 1, b), thus treating
dependent studies as independent may lead to invalidity and hence
inflated false positive findings.

Here, we present a variety of same data meta-analysis (SDMA)
models. The validity and accuracy of these models were assessed in
a set of simulations as well as on two real-world multiverse outputs
originating from the same data: the "NARPS” multiverse analysis
(Botvinik-Nezer et al.,, 2020) and the “HCP Young Adult”
multiverse analysis (Germani et al., 2023) which generated
respectively 70 and 24 different statistical maps.

Meta-analyses models
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Fig 1: Traditional meta-analyses setting (a) and multiverse setting (b). In the traditional
approach, there are K independent datasets analyzed (typically with K distinct pipelines) and
used to estimate an effect. In a multiverse setting a single dataset is run through K different
pipelines to estimate an effect. Dependence from using a single dataset invalidates traditional
meta-analysis methods when applied to multiverse data.

Traditional versus same data meta-analysis models
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