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HeurisHcs	  fail
a	  global	  approach	  is	  required

The	  problem	  is	  well	  known	  
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It	  can	  be	  efficiently	  solved
in	  an	  expectaHon-‐maximizaHon	  scheme	  
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A	  mulH-‐fiber	  model	  represents	  fibers	  independently	  
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InterpolaHng	  a	  mulH-‐fiber	  model	  is	  challenging
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Channel	  based	  interpolaHon	  does	  not	  work
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Channel	  based	  interpolaHon	  does	  not	  work

Image	  to	  interpolate channel-‐based	  interpolaHon
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OrientaHon-‐based	  interpolaHon	  does	  not	  work

Image	  to	  interpolate orientaHon-‐based	  interpolaHon

The	  mulHple	  fibers	  are	  paired	  in	  two	  groups	  based	  on	  their	  orientaHon.
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A	  global	  approach	  is	  required

Proposed	  method
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MathemaHcally,	  we	  mix	  mixtures
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The	  result	  is	  a	  high	  order	  mixture	  model
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The	  complete	  mixture	  needs	  be	  simplified
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Simplifying	  Gaussian	  mixtures	  is	  guaranteed	  to	  converge

R∗ = arg min
R
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j
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E-‐step M-‐step

Both	  steps	  can	  be	  carried	  out	  in	  closed	  form	  (Davis	  and	  Dihillon,	  2007)
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How	  useful	  is	  it	  in	  pracHce?



Using	  GMS	  prevents	  confounding	  white	  maber	  fascicles
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Using	  GMS	  prevents	  confounding	  white	  maber	  fascicles
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•	  GMS
o	  HeurisHc

GMS	  consistently	  
•	  increases	  the	  true	  posiHve	  rate	  
•	  decreases	  the	  false	  posiHve	  rate



This	  advantage	  may	  have	  clinical	  implicaHons

The	  Meyer’s	  loop	  is	  more	  properly	  idenHfied
There	  are	  fewer	  spurious	  tracts

GMS	  (our	  method)

HeurisHc	  (orientaHon-‐based)



In	  spaHal	  normalizaHon,	  GMS	  preserves	  more	  informaHon
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In	  spaHal	  normalizaHon,	  GMS	  introduces	  less	  error
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GMS	  reduces	  interpolaHon	  errors	  in	  all	  regions	  
and	  more	  strikingly	  in	  mulH-‐fiber	  regions	  

•	  10	  mulH-‐fiber	  DTI

•	  1.8	  x	  1.8	  x	  2.4	  mm3

•	  CUSP-‐45	  AcquisiHon	  (ISBI	  2011)
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