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Global Health Crisis: MDD
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The REST-meta-MDD Project:

towards a Neuroimaging Biomarker of
Major Depressive Disorder

Famous Physicist committed
suicide after suffering MDD
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Cortisol? BDNF?
l ! I:‘Structural MRI?

The current diagnostic criteria for MDD are mainly
based on symptoms, calling for objective biomarkers

Functional MRI?
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Case fMRI Studies on MDD
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Switch to
Medicine B:
turn to mania

First visit: Medicine A:
MDD Eid suicidal ideation

» Small sample size and restricted power

» Flexibility in data analysis and inconsistent findings

- > Inappropriate statistical thresholding leads to high
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Sample Size Road for Applying fMRI in MDD
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Methodological Issues: Head Motion Methodological Issues: Head Motion
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» Cited: 705 times
» ESI Top 0.1% highly cited paper

Head motion is a critical factor in R-fMRI data processing.
. . . Yan et al., 2013a. Neuroimage
Need an effective motion correction strategy!
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Reproducibility and Multiple Comparison Correction
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Cluster failure: Why fMRI inferences for spatial extent
have inflated false-positive rates
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» Numerous steps and
configurations

» High learning curve

» Big data era of
neuroimaging calls for
new pipelines

FreeSurfer
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Peer Evaluation
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Reproducibility and Multiple Comparison Correction
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» Incorporating DPARSF

Prior work, cited for 1715 times

» Adapting methodological updates

head motion (cited for 705 times)

Standardization (cited for 216 times)

Multiple comparison correction

» Standardized preprocessing pipeline

» Statistical toolbox

» Platform for data sharing

Yan et al., 2016. Neuroinformatics
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REST-meta-MDD

Started a consortium for big data sharing on L RS MDD 58555 AL AL
MDD. Connected by the preprocessing pipeline, L ‘e T
DPARSF, cited for over 1700 times
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The R-fMRI Maps Project
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REST-meta-MDD
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SUPPLEMENTARY TABLES.
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REST-meta-MDD

Linear Mixed Model:

y ~ 1 + Diagnosis + Age +
Sex + Education + Motion +
(1| Site) + (Diagnosis | Site)
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By addressing the inconsistency of FC pattern
in DMN for MDD, we suggest that DMN FC
remains a prime target for understanding the
pathophysiology of depression, with particular

relevance to revealing mechanisms of effective

treatments
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REST-meta-MDD
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REST-meta-MDD
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Reduced default mode network functional connectivity
in patients with recurrent major depressive disorder
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International Collaboration
International Collaboration

International Conference on Brain Imaging of Depression
Beijing

July 28~29, 2019
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Why Surface-based Analysis

— Function has surface-based organization

- Inter-subject registration: anatomy, not intensity
- Smoothing

— Clustering

- 2D ReHo other than 3D ReHo

Based on Freesurfer Course



Why Surface-based Analysis

The impact of traditional neuroimaging methods on

the spatial localization of cortical areas
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y Surface-based Analysis

Widespread adoption of surface-based approaches has been

slow: the desire to replicate or compare with existing studies that
used the traditional volume-based approach; the relative lack of

“turn-key” tools for running a surface-based analysis; the learning

curve for adopting surface-based analysis methods;
unawareness of the problems with traditional volume-based

analysis; and uncertainty or even skepticism as to how much of a

difference these methodological choices make.

Coalson et al., 2018. PNAS
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Why Surface-based Analysis
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Coalson et al., 2018. PNAS

The R-fMRI Course V2.1 © Confysmiees b OPARS P

L]

http://rfmri.org/Course

Funding

i
National Natural Science Foundation of China
National Key R&D Program of China
Chinese Academy of Sciences

Further Help

http://rfmri.org/wiki

ﬂ% The R-fMRI Journal Club
Official Account: RFMRILab

owledgments

Chinese Academy of
Sciences

Xi-Nian Zuo
Hangzhou Normal
University

Yu-Feng Zang

NYU Child Study
Center

F. Xavier Castellanos
Child Mind Institute
Michael P. Milham

42



2019/8/2

Thanks for your attention!
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