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MoEvaEon	
  for	
  graph	
  theory	
  	
  
in	
  human	
  neuroscience	
  

•  Conceptualizing	
  the	
  brain	
  as	
  a	
  network	
  has	
  
revoluEonized	
  the	
  way	
  we	
  think	
  about	
  and	
  
study	
  brain	
  funcEon	
  



MoEvaEon	
  for	
  graph	
  theory	
  	
  
in	
  human	
  neuroscience	
  

•  Network	
  topology	
  of	
  brain	
  structure/funcEon	
  

(Bullmore	
  and	
  Sporns,	
  	
  2010)	
  



MoEvaEon	
  for	
  graph	
  theory	
  	
  
in	
  human	
  neuroscience	
  

•  Human	
  cogniEon	
  

(Cole	
  et	
  al.,	
  2014)	
  



MoEvaEon	
  for	
  graph	
  theory	
  	
  
in	
  human	
  neuroscience	
  

•  Neurological	
  disease	
  
	
  	
  	
  	
  	
  	
  (Seeley	
  et	
  al.,	
  2009;	
  Raj	
  et	
  al.,	
  2012)	
  

(Zhou	
  et	
  al.,	
  2012)	
  



Challenges	
  for	
  graph	
  theory	
  in	
  	
  
human	
  neuroscience	
  

•  Determining	
  elements	
  of	
  a	
  brain	
  graph	
  
•  Comparing	
  graphs	
  
•  Graph	
  properEes	
  and	
  algorithms	
  



Challenges	
  for	
  graph	
  theory	
  	
  
in	
  human	
  neuroscience	
  

•  Healthy	
  brain	
  funcEon	
  requires	
  coordinaEon	
  
across	
  distributed	
  areas	
  of	
  the	
  brain	
  

axon	
  
cell	
  
body	
  

dendrites	
  



Determining	
  elements	
  of	
  a	
  brain	
  
graph:	
  the	
  nodes	
  

•  Nodes	
  are	
  typically	
  defined	
  by:	
  	
  
–  units	
  being	
  measured	
  (e.g.	
  voxels	
  or	
  electrodes)	
  
–  regions	
  of	
  interest	
  (ROIs)	
  –	
  units	
  grouped	
  based	
  on	
  similar	
  
anatomical	
  or	
  funcEonal	
  features	
  

	
  
Key	
  challenges:	
  
•  ROIs	
  can	
  be	
  defined	
  in	
  many	
  different	
  ways	
  

(Desikan	
  et	
  al.,	
  2006;	
  Tzourio-­‐Mazoyer	
  et	
  al.,	
  2002;	
  Craddock	
  et	
  al.,	
  2012;	
  
Power	
  et	
  al.,	
  2011;	
  Glasser	
  et	
  al.,	
  2016;	
  Kong	
  et	
  al.,	
  2018)	
  

•  We	
  don’t	
  always	
  know	
  and/or	
  can’t	
  always	
  obtain	
  the	
  ideal	
  
“level”	
  of	
  measurement	
  
–  synapses	
  vs	
  cells	
  vs	
  columns	
  vs	
  larger	
  ROIs	
  

•  Inconsistent/variable	
  structure	
  and/or	
  brain	
  coverage	
  



Determining	
  elements	
  of	
  a	
  brain	
  
graph:	
  the	
  edges	
  

•  Defining	
  an	
  edge	
  
–  CorrelaEon,	
  parEal	
  correlaEon,	
  GLASSO,	
  etc	
  
–  Pairwise	
  relaEonship	
  of	
  units	
  over	
  Eme	
  (fMRI,	
  dMRI,	
  
EEG,	
  ECog,	
  MEG)	
  or	
  across	
  individuals	
  (sMRI,	
  PET)	
  

	
  
Key	
  challenges:	
  
•  Interdependence	
  of	
  measurements	
  
•  Inferring	
  direcEon	
  
•  Determining	
  a	
  threshold	
  
•  Binary	
  vs.	
  weighted	
  edges	
  



Comparing	
  graphs	
  
•  Heterogeneous	
  approaches	
  to	
  define	
  graphs	
  
–  different	
  definiEons	
  of	
  nodes/edges	
  
–  different	
  brain	
  measurements	
  (e.g.	
  EEG,	
  ECog,	
  MEG,	
  fMRI,	
  
dMRI,	
  sMRI,	
  PET)	
  

•  Inherent	
  differences	
  across	
  populaEons/individuals	
  	
  
–  different	
  numbers	
  of	
  nodes/edges	
  	
  
–  different	
  distribuEons	
  of	
  weights	
  

Key	
  challenges:	
  
•  Comparing	
  metrics	
  across	
  heterogeneous	
  graphs	
  
•  Combining	
  informaEon	
  from	
  graphs	
  across	
  modaliEes	
  



Graph	
  properEes	
  and	
  algorithms	
  

•  There	
  are	
  both	
  challenges	
  faced	
  by	
  broader	
  
field	
  of	
  graph	
  theory	
  and	
  challenges	
  due	
  to	
  
graph	
  properEes/algorithms	
  designed	
  to	
  
address	
  problems	
  in	
  other	
  disciplines	
  	
  
– DetecEng	
  mulEple	
  epicenters/sources	
  



Alzheimer’s	
  disease	
  primer	
  

amyloid-­‐β	
  	
  
plaques	
  (Aβ)	
  

neurofibrillary	
  	
  
tangles	
  (tau)	
  



Aβ	
  PET	
  Imaging	
  

•  PET	
  revealed	
  that	
  
~30%	
  of	
  cogniEvely	
  
normal	
  older	
  adults	
  
aged	
  70+	
  have	
  
substanEal	
  Aβ	
  

Alzheimer’s Disease 

Normal Aging (Aβ Negative) 

PET	
  Imaging	
  -­‐	
  	
  
[11C]6-­‐OH-­‐BTA-­‐1	
  (PIB)	
  

Normal Aging (Aβ Positive) 



Large-­‐scale	
  brain	
  structure/funcEon	
  	
  
shapes	
  neurodegeneraEon	
  

Seeley	
  et	
  al.,	
  Neuron,	
  2009	
  



SpaEotemporal	
  palern	
  of	
  pathology	
  
with	
  Alzheimer’s	
  disease	
  progression	
  

à Differences	
  across	
  the	
  brain	
  in	
  vulnerability	
  to	
  Aβ	
  	
  	
  	
  
	
  	
  	
  	
  	
  and	
  tau	
  pathology	
  

(adapted from Scholl et al., 2015)


Tau	
  (AV1451-­‐PET)	
  

(Villeneuve et al., 2015)


Amyloid-­‐β	
  (Aβ,	
  PIB-­‐PET)	
  



Minimum	
  Spanning	
  Tree	
  (MST)	
  

•  MST:	
  a	
  unique,	
  acyclic	
  graph	
  minimally	
  
connec5ng	
  all	
  nodes	
  (Jackson	
  &	
  Read,	
  Phys	
  
Rev	
  E,	
  2010a/b)	
  
à 	
  Path	
  of	
  maximal	
  informaEon	
  flow	
  through	
  the	
  

	
  brain	
  (Stam	
  et	
  al.,	
  Int	
  J	
  Psychophysiol,	
  2014)	
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  à	
  Amyloid-­‐β	
  spread?	
  







Directed	
  progression	
  	
  
of	
  Alzheimer’s	
  disease	
  pathology	
  



Directed	
  progression	
  	
  
of	
  Alzheimer’s	
  disease	
  pathology	
  



Directed	
  progression	
  graphs	
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Directed	
  progression	
  graphs	
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Directed	
  progression	
  graphs	
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Directed	
  progression	
  graphs	
  

Low	
  PIB-­‐	
  
to	
  

High	
  PIB-­‐	
  

High	
  PIB-­‐	
  
to	
  

Low	
  PIB+	
  

Low	
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to	
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Directed	
  progression	
  graph	
  

•  Data-­‐driven	
  stages?	
  

Total	
  Load	
  
(PIB	
  Index)	
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