Statistical inference for
Same Data Meta-Analysis (SDMA)
for neuroimaging multiverse analyzes
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Same Data Meta-Analysis - Introduction

NARPS study (Rotem Botvinik-Nezer et al. Variability in the analysis of a single neuroimaging dataset by many teams. Nature, 2020)
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Same Data Meta-Analysis - Methods

CLASSICAL SAME DATA
Meta-Analysis Meta-Analysis
Stouffer SDMA
Stouffer
ZS = —}—/‘; ZSS — YY

7 /11QL,/K?

Average standardized
accounting for
dependence

T /K

Average standardized

Lefort-Besnard, Nichols* and Maumet*. (2024). Statistical inference for
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Same Data Meta-Analysis - Results in real data
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Same Data Meta-Analysis - Interpretability of SDMA GLS
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Same Data Meta-Analysis -

Take-home message:

Conclusion
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