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Introduction

* Recent availability of population-based datasets with psychometric characterization [1] opens promising perspectives to investigate the relationships between interindividual
variability in brain regions’ connectivity and behavioral phenotypes

* The multivariate nature of connectivity-based prediction models severely limits interpretation from a cognitive neuroscience perspective.

* To address this issue, we propose a connectivity-based psychometric prediction (CBPP) framework based on individual region’s connectivity profile.

Brain region’s perspective
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Data: HCP S1200 Release [1]
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* Permutation testing performed by 1000 repeats of 10-fold cross-validation
» Bolded psychometric variables also showed significant accuracy using normalized
¢ root mean squared deviation measure [9]

Effects of confounds
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Conclusion

* Our region-based approach offers insights into brain-behavior relationships with two possible applications, investigating either a specific brain region's profile or a specific
psychometric variable
* As a result, we could assess the effects of different data processing (e.g. confounds) on prediction based on neurobiological validity instead of only prediction accuracies
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