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White matter fibers 

www.vh.org  



Diffusion Tensor 
Imaging 



DTI data 
6 diffusion coefficient matrix D_xx, D_xy, D_xz, D_yy, D_yz, D_zz 

• Diffusion coefficient measures the diffusion of water molecules.  
• The principal eigenvector = direction of water molecules.  
• This gives indirect information about white matter fibers.  
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Fractional Anisotropy (FA) map 

Read Alexander.2007…..    : review paper 

You need to know the difference between FA-map 
and MD-map. 



Second order Runge-Kutta algorithm with TEND (Lazar et al., HBM 2003). 

Tractography 

TENsor Deflection (TEND). 

Mori and van Zijl NMR 
Biomed 2002 

Camino software package 
http://en.wikipedia.org/wiki/
Camino_(diffusion_MRI_toolkit) 



Mori and van Zijl NMR 
Biomed 2002 



 Diffusion Tensor Imaging 

1 million tracts 
200 x 100 x 100 x 6   
=  12 million voxels 

Diffusion tensor 

White matter fiber tractography 

Real brain 



Principal eigenvectors 



principal eigenvectors 



Superquadric 

Ellipsoid 

Scientific Computing and Imaging Institute 
Kindlmann, “Superquadric Tensor Glyphs”, Joint 
Eurographics , IEEE TCVG Symposium on Visualization 2004 

Tensor field visualization 





For given vector fields there exists a family of curves  
whose tangent is given by the vector fields.   

Stream lines generated 
by built in MATLAB function 



Streamline based tractography 
second order Runge-Kutta algorithm (Lazar et al., HBM. 2003). 

White	  ma)er	  fibers	  	  
	  edges	  of	  graph	  



 MATLAB demonstration 



Parametric model of white fiber tracts 

Clayden et al. IEEE TMI 2007  
Cubic B-spline is used to model and match tracts. 

:computational nightmare 

Batchelor et al. MRM 2006 
Sine and cosine Fourier descriptors are used to extract 

global shape features for classification 
: inefficient representation 



Main contribution of Chung et al. 2010 

1. More efficient Fourier descriptor  
(uses less number of basis than before). 

 2. Developed registration and averaging 
framework for 3D curves without numerically 
demanding optimization routines as in splines.  



Orthonormal basis in [0,1] 

Cosine basis: more compact representation 

Eigenfunctions form orthonormal basis 

Sine and cosine basis 

Fourier analysis in [0,1] 

This integral can be magically 
computed by matrix inversion  
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White matter fiber tract model 

x 

y 

z 

parameterization 

basis expansion 

Any tract can be 
compactly 
parameterized with 
only 60 coefficients. 

Tract registration is 
done by matching 
these parameters. 



Least squares estimation 

x, y, z  coordinate vector 



 MATLAB demonstration 



Discrepancy measure: distance between tracts 

Histogram of discrepancy measure 



optimal displacement 

Minimum is taken over the subspace 
spanned by the basis functions. 

Tract alignment 

Average of 5 tracts 



Given m cosine series representations 

we define the average tract as 

The average tract is simply given by averaging coefficients. 

Define average tract 



Average tracts passing 
through the splenium of 
the corpus callosum 



Average tracts across 
74 subjects. Averaged 

within each subject  
( ) 



42 autistic & 32 control control - autism 

tracts passing 
through 

spleninum 

average 
tracts  

two sample 
t-test 

Fiber concentration analysis using 
cosine series representation 

Chung et al., 2009, EMBC 



Inference on representation 
Compare tract shapes between the groups 

This is done by testing the 
equality of mean tracts between 

the groups 

Equivalent hypothesis 

Two cosine representations are equivalent if and only if the coefficients match 



0.0047 0.0023 

Two sample T-test and Hotelling’s T-square result 

First three bars: T-test on 
x,y, z coordinates 
last bar: Hotelling’s T-square 

z



Validation via Random Simulation 



 MATLAB demonstration 



 DTI-based brain 
connectivity analysis 



Cosine series 
representation 

Diffusion tensor 
imaging (DTI) 

3D graph 
model 

White Matter Fiber Connectivity 

Second order Runge-Kutta 
streamline algorithm 





Building DTI-based brain network graph 



Scalable iterative structural 
network construction 

Iterative graph construction algorithm 

Scalable 3D graph 

Whole brain white matter fiber tractogpray 



 MATLAB demonstration 



Brain connectivity analysis  



PNAS 





Originally Keith J. Worsley’s idea 

Cross correlation on 
cortical thickness 



Seminar on October 23, 2009 
Peter Kim 
Department of Mathematics and Statistics 
University of Guelph, Canada 

B.A. University of Toronto 
M.A. University of Southern California 
Ph.D. University of California San Diego 

Research field: Statistical geometry and applications 

Wishart Mixtures and Diffusion Tensor Imaging 
The Wishart distribution is a natural distribution on the space of positive 
definite symmetric matrices.  It is derived from the sample covariance matrix 
coming from a multivariate normal distribution.  Combining several Wishart 
distributions with different covariance parameters therefore leads to Wishart 
mixtures which has practical relevance to Diffusion Tensor Imaging which is a 
modern in vivo brain imaging technique that tracts the whole brain white 
matter fibers.  Statistical estimation of the mixing distribution will be 
presented. 



Forward model selection framework 

When do we stop the expansion? 
Why did we choose degree 19? 
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optimal degree = 13.94 ± 7.02 
upper 80 percentile = 19 



Is the optimal degree dependent 
on the length of a tract? No! 

length of tract (vertical axis) vs. optimal degree (horizontal axis)  

It’s more related to bending 
and curvature, which in 
turn is related to spatial 
frequency of tract shape. 


