MULTIPLE TESTING IN BRAIN NETWORKS CONSTRUCTION
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e s —— The functional Magnetic Resonance Imaging (fMRI) is a measure of regional neural activity based on the detecion of changes in blood flow,
represented by the BOLD (blood oxygenation level dependent) contrast. A set of images covering the whole brain (a brain volume) of a single
S Tive Pos: | 200 | participant is typically acquired every 2-3 s and, to increase sensitivity, hundreds of brain volumes are typically recorded during either the
K execution of a complete fMRI scan, or a resting state period (usually from 120-240 volumes for each subject).
| TompatePa.. [) [ epicicomoNFn [ ] Aesydets [ | RemoveFest o TimsPoms | SiceTmng Finally, we used the toolbox DPARSF-A to extract 116 non-overlapping anatomical Regions of Interest (ROls) defined by the automated
S o W e ’f'[; o | [ Pesion [ ] Vot Speciic e Moten anatomical labeling (AAL) atlas previously validated by Tzourio-Mazoyer. For the purposes of this study 90 ROIs are taken into account.
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s oy o H; are Bernoulli random variables with P(H,,) = iy and P(H})) = 1.
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 EDR= E V R>0 PFDR is defined as the expected proportion of null hypotheses erroneously rejected.,
reihted (mar r— R conditioned on the event that positive findings have occurred
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DENR= E{ T (M-R) > O} PFNR is defined as the expected proportion of null hypotheses erroneously
The brain is a complex system  unieces - accepted, conditioned on the event that negative findings have occurred
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pFDR Positive False Discovery | A suitable estimate of pFDR{ v ) could be, according to Storey [2002):
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A the tuning parameter An automatic way to estimate the optimal A:
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where MSE| pFDR,(y) ) = E[ (6F DR, (¥) — oFDR (¥))?]

Starting from the fMRI time .
. | t. t . In order to estimate the MSE [pfﬂ%ﬁﬂ ) over a range R of A, for example R = {0, 0.05, 0.10, .., 0.95}, the boctstrap
SEries, a correiation matrix was Version pFDR_,L“’[w, forb=1,., 8, ofpFDR,[y) is generated for any fixed A.

computed. The bootstrap version of MSE [;_:I:EER_,LM ) is:
This matrix may be “thresholded” to yield a binary
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p1,90 has binary elements that indicate either the pFNR positive False Non- Asuitableestimateufpfﬂ{i‘[y:| proposed by Sala etal. (2013) is:
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Main results
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