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Diffusion tensor imaging offers a unique opportunity to	


characterize the structural connectivity of the human 
brain non-invasively by tracing white matter fiber tracts. 
Whole brain tractography studies routinely generate up 
to half million tracts per brain, which serves as edges in 
an extremely large 3D graph with up to half million 
edges. Currently there is no agreed-upon method for 
constructing the brain structural network graphs out of 
large number of white matter tracts. In this paper, we 
review basics of structural brain network modeling and 
discuss various challenges.	
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fMRI connectivity���
DTI connectivity���
PET connectivity���

���
in autism	
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Functional magnetic resonance imaging (fMRI)	



Specialized MRI scan used to 
measure the hemodynamic 
response (change in blood 
flow) in the brain.  	


	


fMRI gives time series data at 
about 4-8mm image resolution. 	



Davidson and Irwin, 1999	





functional (fMRI) connectivity study	



Seed-­‐based	
  correla6on	



hiera6cal	
  
clustering	



general	
  linear	
  
model	



Connec6vity	
  
matrix	



D.J. Kelley 2008 PhD thesis	





Brain connectivity study in autism	


Autism (자폐증) is a developmental disorder.  	


About 9 per 1000 children in US. 	







Local overconnectivity	


global underconnectivity	


	



Normal controls	



Known connectivity hypothesis in autism	



Lobe 1	



Lobe 2	





Abnormal functional (fMRI) connectivity in autism	
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What is wrong with  ���
functional connectivity studies? ���
���
���

Where is the physical evidence of connection? ���
Lack of underlying biological mechanism���
���
What do we really need?���
-- Anatomical basis of connections���
	





 
	


The movement of 
anisotropic water 
diffusion can be 
measured using DTI.	



The direction of neuronal 
filaments in the axon 
dictates the movement of 
water diffusion.	



Diffusion Tensor Imaging	



	


Diffusion tensor	



 	





Second order Runge-
Kutta algorithm with 
TEND 	


	


Lazar et al., HBM 2003	



TENsor 
Deflection 
(TEND) 
algorithm	



200 x 100 x 100 x 6  	


=  12 million voxels	

 Fiber Tractography	





Half million tracts	


600MB image per subject	



White Matter Fibers in Brain 
Fibers	



Postmortem	





Zalesky et al. NeuroImage 2010	



Traditional brain network modeling flow	
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  Parcellation                      Arbitary thresholding	



Two problems with the standard framework	



70-100 regions	





Brain Network 
Modeling without 
parcellation and 

thresholding 
 
 	





 
 
 
Epsilon-neighbor method 
A different simplex construction technique	





 ε-neighbor graph simplication  

Identify end points 

All points in the ε-neighbor 
are identified as a single 
node in a graph	



The first data-driven DTI structural network 
construction framework without any parcellation.	





Iterative graph construction 



ε-neighbor graphs with different ε  
original data	

 20 mm	



10 mm	

 6 mm	





Adjacency matrix 



MATLAB DEMO ���
���

Epsilon Neighbor method	



/adjacency.matrix/matlab/DEMO.2011.07.09.IMSchina.m	





Application to autism	



Autistic children (n=17)	


	


Control subjects (n=14)	


	


Matched for age, handedness, IQ and head size	



Abnormal connectivity in autism ?	





DTI registration	





#001	

 #120	



Degree of nodes for a single subject	





Local inference on degree	



Control                               Autism	



Superimposition of every subjects	





 red: autism	


blue: control	

Degree distribution	



 pvalues = 0.024, 0.015 and 0.080 for degrees 1, 2 and 3.	



More high 
degree nodes	



More low 
degree nodes	


in autism	



More 
disjointed	


network	



More hubs	





Persistent homological approach 

Graph Filtration	





Connected component 	



largest connected 
component	





G1 ⊂ G2 ⊂ G3 ⊂ · · ·

Gi

Filtration on ε-neighbor graphs	



ε-neighbor graph at the i-th iteration 	



The size of the i-th graph is an increasing function:	



#G1 < #G2 < #G3 < · · ·



Filtration on ε-neighbor graphs	





Number of edges and nodes in filtration	





Control=blue	


Autism=red	



Number of iterations	



Network integration difference	



The brain network in control subjects 
merges to a single component faster 
than other populations.	



pvalue =0.03	



#Gi



The size of the largest connected component	



emergence of a linking node	



Size:  3                              5                               8	





The PET scanner  detects pairs of gamma rays 
emitted from a positron-emtting radioactive tracer. 	



18F-FDG is the most widely used tracer  used 
for measuring tissue metabolic activity, in 
terms of regional glucose uptake in the brain.	



FDG-PET imaging	





90 x 90 correlation map	



PET measures on 90 nodes	



Pet metabolic connectivity	



Attention deficit 	

 Autism	

 Control	



Lee et al., 2011 MICCAI	



Graph filtration	





Rips complex approximates the 
topology of the point cloud data by 
connecting two point cloud data, xi 
and xj, if d(xi, xj) < ε ���
	



Rips complex of point cloud data  



Rips complex of point cloud data  ε = 70mm 	





What’s wrong with Rips complex ε = 70mm 	





MATLAB DEMO ���
���

Epsilon Neighbor method	



/adjacency.matrix/matlab/DEMO.2011.07.09.IMSchina.m	





• 	
  Barcode	
  	
  

•  Rips 
filtration	

the	
  sequence	
  of	
  Rips	
  complexes	
  sa6sfying	
  the	
  persistent	
  property	
  such	
  as	
  	
  

Rips(X, 0) ⊆	
  Rips(X, ε1)	
  ⊆	
  Rips(X, ε2)	
  ⊆	
  …	
  ⊆	
  Rips(X, εn)	
  for	
  0 ≤	
  ε1≤	
  ε2 ≤	
  …	
  ≤ εn	
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visualize the 
changes of the 
connected 
components during 
the filtration 	
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Rips Complex	

 0-th Betti number over epsilon	





Bar codes for brain network	



Distance =  1- correlation	



Connectivity Matrix" Adjacency Matrix"

threshold !

PET measures on nodes	

 Correlation	





24 attention deficit hyperactivity 
disorder (ADHD) children	


26 autism spectrum disorder 
(ASD) children 	


11 pediatric control subjects	



The brain network in control 
subjects merges to a single 
component faster than other 
populations!	



# of 
components	



Epsilon	


	



Lee et al., 2011. ISBI	



Bar code on graph filtration	





Connectivity matrix of brain network	
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Permuted bar code = Dendrogram 	



ε1                         ε2                                      ε3 

x1 
x2 
x3 
x4 
x5 
x6 
x7 
x8 

Rearrange the barcode according to the node index	



Single linkage hierarchical clustering	





Network filtration = dendrogram construction	
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Multi-scale modular structure of brain 
networks	
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Brain network as dendrogram	





Gromov-Hausdorff distance	



The network 
difference can be 
measured in terms 
of the dendrogram 
shape difference.	





Discrimination Accuracy	





Thank you	



Papers and MATLAB codes can be downloaded 
from www.stat.wisc.edu/~mchung



