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Emergence	  in	  connected systems

Varela	  et	  al,	  Nat	  Neurosci,	  1999



A	  graph	  theoretical approach

Paul	  Erdos (1913-‐1996)
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Quantifying network	  properties
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Universal	  properties	  of	  complex	  networks

Small-worldScale-free

Barabasi &	  Albert,	  Nature,	  2001 Watts	  &	  Strogatz,	  Science,	  1998



Small-‐world	  brain networks

Small-‐worldRegular Random

Dahene et	  al,	  PNAS,	  1998

Segregation Integration

« Phrenology »

Bassett &	  Bullmore,	   PNAS,	  2006



Graph	  analysis of	  functional brain networks
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De	  Vico	  Fallani	  et	  al,	  Phil	  Trans	  Royal	  Soc	  B,	  2014



Inferring connectivity from signals



Functional	  connectivity

Synchronization (undirected) Propagation	  (directed)
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Cortical	  reorganization	  after	  stroke

(Pfurtsheller and Neuper, Neurosci Lett, 1997)

Motor ImageryDisability



De	  Vico	  Fallani	  et	  al,	  Neuroimage,	   2013
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Functional	  organization	  of	  motoneurons
(Microscale)
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De	  Vico	  Fallani et	  al,	  IEEE	  TNSRE,	  2014
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§ Forward analysis

§ Statistical properties of	  graph	  metrics

§ Multilayer brain networks

§ Temporal	  brain networks

§ Backward interpretation

§ Physiological relevance

§ Relation	  between levels

§ Dynamic networks	  (e.g.	  variability)

Some	  open	  issues



Clusters

De	  Vico	  Fallani et	  al,	  Phys Rev E,	  2014
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Statistical	  methods	  for	  network	  clustering



Ongoingwork
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Multilayer brain networks Temporal	  brain networks

Jeremy	  Guillon,	  
UPMC	  Phd student

Catalina	  Obando,	  
INRIA	  Phd student



Stay tunedJ

https://sites.google.com/site/fr2eborn/

Articles,	  Routines,	  Data,	  Events,	  Job	  offers,	  …

@FreebornGroup
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