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Outline

1. Joint Bayesian compressed sensing for multi-contrast
reconstruction:

reconstruct images with different contrasts from undersampled data

Quantitative Susceptibility Mapping with magnitude prior:
estimate tissue iron concentration from MRI signal phase

Estimating brain iron concentration in normal aging using
L1-QSM:

compare brain iron concentration in young & elderly subjects
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Multi-contrast data acquisition

“ In clinical MR, it is common to image the same region of
Interest under multiple contrast settings

“ This aims to increase the diagnostic power of MRI as tissues
exhibit different characteristics under different contrasts

*» For instance, SRI24 atlas! contains such multi-contrast data,

proton density

i
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Multi-contrast data acquisition

“ In clinical MR, it is common to image the same region of
Interest under multiple contrast settings

< This aims to increase the diagnostic power of MRI as tissues
exhibit different characteristics under different contrasts

*» For instance, SRI24 atlas! contains such multi-contrast data,

T2 weighted
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Multi-contrast data acquisition

“ In clinical MR, it is common to image the same region of
Interest under multiple contrast settings

“ This aims to increase the diagnostic power of MRI as tissues
exhibit different characteristics under different contrasts

*» For instance, SRI24 atlas! contains such multi-contrast data,

T1 weighted
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Multi-contrast data acquisition

“ In clinical MR, it is common to image the same region of
Interest under multiple contrast settings

“ This aims to increase the diagnostic power of MRI as tissues
exhibit different characteristics under different contrasts

*» For instance, SRI24 atlas! contains such multi-contrast data,

T1 weighted

i



Undersampling the kspace

** To reduce data acquisition time, it is possible to collect a
subset of k-space frequencies below the Nyquist rate due to

y=F,X+n

y e C* is the undersampled k - space data,

F, e C*"is the undersampled 2D - DFT matrix, with K < M
x e R" is the spatialimage and,

neC" isthe noiseink - space
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Undersampling the kspace

** To reduce data acquisition time, it is possible to collect a
subset of k-space frequencies below the Nyquist rate due to

y=F,X+n

y e C* is the undersampled k - space data,
F, e C*"is the undersampled 2D - DFT matrix, with K < M

x e R™ is the spatialimage and,
neC" isthe noiseink - space

** This work aims to reconstruct multi-contrast data from
undersampled acquisitions by making use of

= Bayesian Compressed Sensing theory and,
= The similarity between the different contrast images.
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Similarity of multi-contrast images

“* Multi-contrast images possess unigque properties, e.qg.
Intensity levels at a given voxel

TE =94 ms
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Similarity of multi-contrast images

“+ Multi-contrast images possess unigue properties, e.g.
Intensity levels at a given voxel

“ At the same time exhibit common features. We make use of
the similarity in sparsity support under gradient transform
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Similarity of multi-contrast images

“+ Multi-contrast images possess unigue properties, e.g.
Intensity levels at a given voxel

“ At the same time exhibit common features. We make use of
the similarity in sparsity support under gradient transform

= Positions of non-zero coefficients are similar, even though
there is no perfect overlap

i
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Joint reconstruction algorithms

“* We consider two joint reconstruction algorithms,

[ Multi-contrast Reconstruction ]

T~

| M-Focuss | | Joint Bayesian CS |

+»» And first introduce the M-FOCUSS method.
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M-FOCUSS algorithm

“* First approach is based on using an existing algorithm, M-
FOCUSS! (Multiple-FOCal Underdetermined System Solver)
for joint reconstruction

Iir ”

[1] Cotter et al. T Signal Proces, 2005



M-FOCUSS algorithm

*» First approach is based on using an existing algorithm, M-
FOCUSS! (Multiple-FOCal Underdetermined System Solver)
for joint reconstruction

“* M-FOCUSS places an E norm penalty on the gradient
coefficients of each |mage and an f norm penalty across the
multi-contrast images

L , M [ L , V2
meZHFQXi = i, +Z-Z(Z‘5Xi,j‘ j
) i1\
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M-FOCUSS algorithm

*» First approach is based on using an existing algorithm, M-
FOCUSS! (Multiple-FOCal Underdetermined System Solver)
for joint reconstruction

“* M-FOCUSS places an E norm penalty on the gradient
coefficients of each |mage and an f norm penalty across the
multi-contrast images

. L , M L , 1/2
meZHFQXi = i, +/1-Z(Z‘5Xi,j‘ j
i =1 \i-1

“* As proposed, it is constrained to use the same undersampling
pattern for each image

< And makes the strict assumption that the sparsity supports of
the images are the same.

v ;
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Joint reconstruction algorithms

“* We consider two joint reconstruction algorithms,

[ Multi-contrast Reconstruction ]

T~

[ M-FOCUSS ] [ Joint Bayesian CS ]

“* Next, we introduce our joint Bayesian reconstruction method.
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Sparse representation and data likelihood

“* To obtain a sparse representation of the images {xi }iL:l with L
different E;ontrasts, we augment the undersampled k-space
data{y,}  as

(1—6_27ij/n)- Yi (a),u)z FQi 5ix = yix

5 eR™ isi" verticalimage gradient

Y e C" isthe undersampled k - space data of o
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Sparse representation and data likelihood

“* To obtain a sparse representation of the images {xi }iL:l with L
different Eontrasts, we augment the undersampled k-space
data{y,}  as

(1—6_27ij/n)- Yi (a),u)z FQi 5 =y

5 eR™ isi" verticalimage gradient

Y e C" isthe undersampled k - space data of o

“* Modeling the k-space noise to be Gaussian with zero mean
and variance o2, the likelihood of observing the data becomes

- p(YiX |5ix,02):(27r02)

Ki X x||2 2
exp(— =00 2/20)




Bayesian analysis for joint inference

“* Next, we would like to impose a sparsity promoting Prior
distribution over the image gradients {5iX}L_1 and {5},

i =1

“* And compute their posterior distribution with the Bayes’ rule
using this prior, the likelihood term and the observed k-space
data {Yix};and \a

L

i=1

“* At the same time, we would like to enable information sharing
across the multi-contrast images.

i



Bayesian analysis for joint inference

“* Next, we would like to impose a sparsity promoting Prior
distribution over the image gradients {5ix}_L_1 and {5iy}i=1’

“* And compute their posterior distribution with the Bayes’ rule
using this prior, the likelihood term and the observed k-space

X L L

data {Y, }izland {Yiy}i:1

“* At the same time, we would like to enable information sharing
across the multi-contrast images.

“ To this end, we carry out the inference within a hierarchical
Bayesian model*

I LB
15 21 [1]Jiet al. IEEE T Signal Proces, 2009




Hierarchical Bayesian Model for joint inference

*+ At the bottom layer, we have the undersampled k-space
observations, which are jointly parameterized by the
hyperparameters on the layer above.

coupled by
hyperparameters

a and o, = 62

k-space observations




Hierarchical Bayesian Model for joint inference

*+ At the bottom layer, we have the undersampled k-space
observations, which are jointly parameterized by the
hyperparameters on the layer above.

“* We capture the similarity in the gradient domain by defining
the hyperparameters a over the L gradient images

hyperparameter%
coupled by

hyperparameters
a and o, = 62

k-space observations




Hierarchical Bayesian Model for joint inference

*+ At the bottom layer, we have the undersampled k-space
observations, which are jointly parameterized by the
hyperparameters on the layer above.

“* We capture the similarity in the gradient domain by defining
the hyperparameters a over the L gradient images

“* The hyperparameters are in turn controlled by the hyper-
priors at the top level.

hyper-priors { a,b,c.d }

controlled by

l a, b, C, d
hypemarameteri%%.g
coupled by

hyperparameters
a and o, = 62

k-space observations




Prior on the signal coefficients

“ The gradient coefficients are modeled to be drawn from a product
of zero mean Gaussians

M
p(éix |a): H./v(éffj | 0, aj‘l)
j=1
and the precisions of the Gaussians are determined by a € RM

“» And Gamma priors are placed over the hyperparameters a

C
a; C_1exp(— da

M
p(a|c,d)=] [Galajlc,d)  where calujcd) =2
j=1

I'(c)
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Prior on the signal coefficients

“ The gradient coefficients are modeled to be drawn from a product
of zero mean Gaussians

M
p(éix | a): HN(él)’(J | O, OZJ_l)
j=1
and the precisions of the Gaussians are determined by a € RM

“» And Gamma priors are placed over the hyperparameters a

M
p(a|c,d)=] [Galajlc,d)  where calujcd) =2
j=1

I'(c)

C ajc_lexp(— daj)

*» We can marginalize over the hyperparameters a and obtain the
marginal prior that enforces sparsity

p(S; ) o< Student-¢

sharp peak at 0
P& = [ PSSl pleg e d)da; )
C,d =0 % . 0
i N - §
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Computing the posterior for the signals

“* Since the data likelihood and the signal prior are both
Gaussian, the posterior for the gradient coefficients is also in
the same family,

X SX X
(o7 1Y e, ) = pLYi” |9 ;ao)p(ﬁ. |a)
p(Y;" |a,p)
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Computing the posterior for the signals

“* Since the data likelihood and the signal prior are both
Gaussian, the posterior for the gradient coefficients is also in
the same family,

posterior

(S Y @ a0))=

p(Y;" |, ag) P(S" | )
p(Yi" |a, o)
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Computing the posterior for the signals

“* Since the data likelihood and the signal prior are both
Gaussian, the posterior for the gradient coefficients is also in
the same family,

likelihood

posterior 2 )
P3|V @, )= MJIOQI |a)

p(Yi* |, ag)
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Computing the posterior for the signals

“* Since the data likelihood and the signal prior are both
Gaussian, the posterior for the gradient coefficients is also in

the same family,
likelihood prior

p(Y;" | 6", )|P(S;" | )
p(Yi" |a, o)

posterior

(S Y @ a0))=
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Computing the posterior for the signals

“* Since the data likelihood and the signal prior are both
Gaussian, the posterior for the gradient coefficients is also in

the same family,
Gaussian Gaussian

p(Y;" | 6", )|P(S;" | )
p(Y;" |a, o)

(S IYi* @, a0))=

i



Computing the posterior for the signals

“* Since the data likelihood and the signal prior are both
Gaussian, the posterior for the gradient coefficients is also in

the same family,
Gaussian Gaussian

p(Y;" | 6", )|P(S;" | )
p(Yi" |a, o)

also Gaussian

(S Y @ a0))=
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Computing the posterior for the signals

“* Since the data likelihood and the signal prior are both
Gaussian, the posterior for the gradient coefficients is also in

the same family,
Gaussian Gaussian

p(Y;" | 6", )|P(S;" | )
p(Yi" |a, o)

also Gaussian

(S Y @ a0))=

o; z‘/V(,“i’z"i)

=% ] ¥/
We only needto  x; = (ag ®f @;+A)™

estimate the a.'s .
A= dlag(al,az,...,aM )

ir .




Maximum Likelihood estimation of hyperparameters

< We seek point estimates for the hyperparameters a and a, in
a maximum likelihood framework.

maxBa 050 maxZIog p( |a,a0)

a,q @,ap 4

<+ Summation over the L images enables information sharing

while estimating the hyperparameters.

% Once the hyperparameters are estimated, the posterior for
the gradient coefficients ;' is determined based only on its
related k-space data Y;” due to,

.
Hi =0 T ®; Y

i



Reconstructing the images from their gradients

s+ After estimating the vertical and horizontal gradients

{5ix}iL:1 and {é‘iy}_L_l, we seek the images {xi}iL:l consistent

with these and the k-space data {y, }iL:l in a Least Squares

setting,

A i X 2 y : 2
Xj = argmln Oy X — 6, 9 +Hayxi 9, Hz +7LHFQi Xi yiHZ

Xj

for 1=1...L

whereo, and 0, are vertical and horizontal gradient operators

i



SRI24 Atlas

‘ k-space, 100 % of Nyquist rate

Inverse FFT Error: 0 % RMSE
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Lustig ef al. | 9.4

k-space, 25 % of Nyquist rate

Lustig ef al' Error: 9.4 % RMSE
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Lustig ef al. | 9.4

M-Focuss Il 3.2

k-space, 25 % of Nyquist rate

Same undersampling pattern

; M-FOCUSS' Error: 3.2 % RMSE

Ay il
f 5 .
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[1] Cotter et al. T Signal Proces, 2005




Lustig ef al. 9.4

M-Focuss Il 3.2
Joint Bayes . 2.3 %

k-space, 25 % of Nyquist rate

Different undersampling patterns

$ OurBayesian CS  Error: 2.3 % RMSE




TSE Scans : /in vivo acquisition

K-space
100 % of Nyquist rate

l

Inverse FFT

Error: 0 % RMSE

i



Lustig et al.

k-space, 40 % of Nyquist rate

Lustig ef al.

Error: 9.4 % RMSE

7
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Lustig et al.

Mm-Focuss I

9.4 %
5.1 %

k-space, 40 % of Nyquist rate

II Same undersampling pattern Il

M-FOCUSS'

Error: 5.1 % RMSE
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Lustig et al.

Mm-Focuss I

Joint Bayes -

9.4 %
5.1 %
3.6 %

k-space, 40 % of Nyquist rate

Different undersampling patterns

Our Bayesian CS

Error: 3.6 % RMSE
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Extensions and Limitations

“* We assumed the multi-contrast images to be real-valued.
Extension to complex-valued images is possible by using a
mirror-symmetric sampling pattern and separating real and
Imaginary parts of the images.

i



Extensions and Limitations

“* We assumed the multi-contrast images to be real-valued.
Extension to complex-valued images is possible by using a
mirror-symmetric sampling pattern and separating real and
Imaginary parts of the images.

“* Whereas the other two methods take under an hour, the
Bayesian method takes about 20 hours with this initial
Implementation.

“ Current work is on increasing the reconstruction speed using
= Graphics Processing Cards (GPUs) on the hardware front, and

= Employing variational Bayesian analysis on the algorithm front

i



Other applications of joint reconstruction

(
|
|

\: Multi-contrast
Reconstruction

Ime_llg_irlg_ L

: ‘ N

-{Magnitude + Phas%— -{Structural + Spectra} M-FOCUSS

Joint Bayes
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Other applications of joint reconstruction

\
|
|

.( MR Spectroscopic

' Ime_lig_irlg____;
| |

v \ 4

{Magnitude + Phasé}- -{Structural + Spectra}

J

Next topic
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Multi-contrast
Reconstruction

AN

M-FOCUSS

Joint Bayes




Conclusion

“* We presented two joint reconstruction algorithms, M-FOCUSS
and joint Bayesian CS, that significantly improved reconstruction
guality of multi-contrast images from undersampled data.

“* While joint Bayesian method reduced reconstruction errors by
up to 4 times relative to a popular CS algorithm?, current
Implementation suffers from long reconstruction times.

<+» M-FOCUSS iIs a notable candidate that trades off reconstruction
guality and processing speed.

i .
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with Magnitude Prior
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Quantitative Susceptibility Mapping (QSM)

= Quantitative Susceptibility Mapping (QSM) aims to quantify
tissue magnetic susceptibility with applications such as,
% Tissue contrast enhancement?

% Estimation of venous blood oxygenation?
“* Quantification of tissue iron concentration?

1 Duyn JH et al, PNAS 2007 2 Fan AP efal,ISMRM 2010 3LiuT efal, ISMRM 2010



Quantitative Susceptibility Mapping (QSM)

= Quantitative Susceptibility Mapping (QSM) aims to quantify
tissue magnetic susceptibility with applications such as,
% Tissue contrast enhancement?

% Estimation of venous blood oxygenation?
“* Quantification of tissue iron concentration?

= Estimation of the susceptibility map y from the unwrapped

phase ¢ involves solving an inverse problem,

5 =F'DFy
F: Discrete Fourier Transform matrix
D: susceptibility kernel ink -space

: normalized field map

1 Duyn JH et al, PNAS 2007 2 Fan AP efal,ISMRM 2010 3LiuT efal, ISMRM 2010



Quantitative Susceptibility Mapping (QSM)

= Quantitative Susceptibility Mapping (QSM) aims to quantify
tissue magnetic susceptibility with applications such as,
% Tissue contrast enhancement?

% Estimation of venous blood oxygenation?
“* Quantification of tissue iron concentration?

= Estimation of the susceptibility map y from the unwrapped

phase ¢ involves solving an inverse problem,

5FD1

measured to be estlmated]

1 Duyn JH et al, PNAS 2007 2 Fan AP efal,ISMRM 2010 3LiuT efal, ISMRM 2010



Quantitative Susceptibility Mapping (QSM)

= Quantitative Susceptibility Mapping (QSM) aims to quantify
tissue magnetic susceptibility with applications such as,
% Tissue contrast enhancement?

% Estimation of venous blood oxygenation?
“* Quantification of tissue iron concentration?

= Estimation of the susceptibility map y from the unwrapped
phase ¢ involves solving an inverse problem,s = F'DF y

= The inversion is made difficult by 1
zeros on a conical surface Iin
susceptibility kernel D

k2
p=| 1 %
3 k

1 Duyn JH et al, PNAS 2007 2 Fan AP efal,ISMRM 2010 3LiuT efal, ISMRM 2010




Regularized Inversion for QSM
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Regularized Inversion for QSM

D log|D-!|

FD'FS =y

= Solving for y by convolving with the inverse of D is not possible,
as it diverges along the magic angle

ir .



Regularized Inversion for QSM

-~ P

dlverges to oo

= Solving for y by convolving with the inverse of D is not possible,
as it diverges along the magic angle

ir .



Regularized Inversion for QSM

Forward '

transform : - field map

+ noise " )
FDF

sagittal — sagittal
view view

= Solving for y by convolving with the inverse of D is not possible,
as it diverges along the magic angle

= Spatial detalls that have frequency components at the magic
angle lose conspicuity in the field map o

ir .



Regularized Inversion for QSM

Forward -
transform & . field map
+ noise

)

F'DF

= Solving for y by convolving with the inverse of D is not possible,
as it diverges along the magic angle

= Spatial detalls that have frequency components at the magic
angle lose conspicuity in the field map o

= We propose to use regularization to facilitate the inversion
i s
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Coll Brain Mask Phase Unwrapping Background Phase QSM with
Combination ) L Extraction (BET) ) L (PRELUDE) ) Removal ) L FOCUSS

.

Phase-aware Coil Combination

= 3D GRE acquisition with phased array coils and body coill
= Normalize each channel image with the body coill

www.rle.mit.edu



Coll Brain Mask Phase Unwrapping Background Phase QSM with
Combination Extraction (BET) (PRELUDE) Removal FOCUSS

Phase-aware Coil Combination
magnitudes of the coil sensitivities

“J‘ -
COCH A
N EFRF T

3D GRE acquisition with phased array colls and body coll
Normalize each channel image with the body coil

Fit 2"d order polynomials to the magnitude of the normalized
Images — magnitude of the coil sensitivities

w
-




Coll Brain Mask Phase Unwrapping Background Phase QSM with
Combination - ~ Extraction (BET) | i (PRELUDE) ) g . Removal ) ~ FOCUSS

Phase-aware Coil Combination
nphase of the coil sensitivities

3D GRE cquision with phsed array iIs a bo coll
Normalize each channel image with the body coll

Fit 2"d order polynomials to the magnitude of the normalized
Images — magnitude of the coil sensitivities

Phase of the normalized images — phase of the coil sensitivities

61 www.re.mit.edu
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Coll Brain Mask Phase Unwrapping Background Phase QSM with
Combination | 'L Extraction (BET) | ~ (PRELUDE) 'L Removal ) ~ FOcuss

Phase-aware Coil Combination

magnitude of combined image phase of combined image

3D GRE acquisition with phased array coils and body caoill
Normalize each channel image with the body coil

Fit 2"d order polynomials to the magnitude of the normalized
Images — magnitude of the coil sensitivities

Phase of the normalized images — phase of the colil sensitivities
Final image is obtained by least-squares coil combination

www.rle.mit.edu
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Coll Brain Mask Phase Unwrapping Background Phase QSM with
Combination ) \ Extraction (BET) ) \ (PRELUDE) ) Removal ) \ FOCUSS

.

Brain Mask Extraction & Phase Unwrapping

= Brain mask was generated with the FSL Brain Extraction Tool’

1 Smith SM, Hum. Brain Mapp. 2002 www.rle.mit.edu



Coll Brain Mask Phase Unwrapping Background Phase QSM with
Combination ’L Extraction (BET) | L (PRELUDE) ) ’L Removal ] ~ FOcuss

Brain Mask Extraction & Phase Unwrapping
= Brain mask was generated with the FSL Brain Extraction Tool’

= Phase unwrapping was done with the FSL PRELUDE?

1 Smith SM, Hum. Brain Mapp. 2002 2 Jenkinson M, MRM 2003 Sorad T [ 30rad www.rle.mit.edu




Coail Brain Mask Phase Unwrapping Background Phase QSM with
Combination | | Extraction (BET) ~ (PRELUDE) | | Removal ] ~ Focuss

Background Phase Removal

= The background phase was estimated with the Effective
Dipole Fitting method’

initial field map

-0.8 ppm MR (.8 ppm -0.8 ppm MBS (.8 ppm

"LiuT etal, ISMRM 2010 65 www.re.mit.edu



Coail Brain Mask Phase Unwrapping Background Phase QSM with
Combination | | Extraction (BET) ~ (PRELUDE) | | Removal ] ~ Focuss

Background Phase Removal

= The background phase was estimated with the Effective
Dipole Fitting method’

= Subtracting the estimated background from the initial field map
gives the tissue field map

initial field map backeground field ma tissue field map

-0.8 ppm I " © (0.8 ppm -0.8 ppm I~ (0.8 ppm -0.1 ppm I T © (0.1 ppm

"LiuT etal, ISMRM 2010 66 www.re.mit.edu
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Coll Brain Mask Phase Unwrapping Background Phase QSM with
Combination ) L Extraction (BET) ) L (PRELUDE) ) L Removal ) \ FOCUSS

FOCUSS-QSM with magnitude prior

= The tissue field map ¢ is related to the susceptibility
distribution y via

5=F'DFy

iF

N www.rle.mit.edu
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Coll Brain Mask Phase Unwrapping .. Background Phase QSM with
Combination 7L Extraction (BET) ~ (PRELUDE) | 7L Removal ) | FOCUSS

FOCUSS-QSM with magnitude prior

The tissue field map 9 is related to the susceptibility
distribution y via

6 =F'DFy
Multiplying both sides with V,F
V. Fo=V DFy

where V, is a diagonal matrix with V, (@,®) = (1— p27iol ”)

iF
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Coll < Brain Mask .. Phase Unwrapping .. Background Phase QSM with
Combination 7L Extraction (BET) ~ (PRELUDE) | 7L Removal ) | FOCUSS

FOCUSS-QSM with magnitude prior

The tissue field map 9 is related to the susceptibility
distribution y via

6 =F'DFy
Multiplying both sides with V,F
V. F6=V DFy

where V,_ is a diagonal matrix with V, (a)a)) = (1— g 2riel ”)

= This corresponds to taking the spatial gradient along the x axis

F(8X5) = DF((’?X;{)

i
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Coll < Brain Mask .. Phase Unwrapping Background Phase QSM with

N
W

[ Combination | Extraction (BET) (PRELUDE) Removal FOCUSS ]
J \ J \ J \ J \

FOCUSS-QSM with magnitude prior

= The gradient of the tissue field map ¢ is related to the gradient
of the susceptibility distribution y via

F(0,6)=DF(d,x)

= We solve for 0,y with the FOCUSS algorithm’

at k™ iteration,
. 1/2
W, = dlag(|8X;(k_l| )

' Gorodnitsky IF ef al., IEEE T. Signal Process. 1997
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[ Coil N Brain Mask .| Phase Unwrapping

s ) r
- Background Phase QSM with
Combination 7; Extraction (BET) - 7

(PRELUDE) ) q Removal ) \ FOCUSS

FOCUSS-QSM with magnitude prior

= The gradient of the tissue field map ¢ is related to the gradient
of the susceptibility distribution y via

F(0,6)=DF(d,x)

= We solve for 0,y with the FOCUSS algorithm’

at k™ iteration,
W, = diag(|8xzk_l|1/2)
d, =argmin [|[F(2,5) - DFW,q|[ + 2]
q

' Gorodnitsky IF ef al., IEEE T. Signal Process. 1997
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[ Coil N Brain Mask .| Phase Unwrapping

s ) r
- Background Phase QSM with
Combination 7; Extraction (BET) - 7

(PRELUDE) ) q Removal ) \ FOCUSS

FOCUSS-QSM with magnitude prior

= The gradient of the tissue field map ¢ is related to the gradient
of the susceptibility distribution y via

F(0,6)=DF(d,x)

= We solve for 0,y with the FOCUSS algorithm’

at k™ iteration,
W, = diag(|8xzk_l|1/2)
d, =argmin [|[F(2,5) - DFW,q|[ + 2]
q

ax;(k — quk

' Gorodnitsky IF ef al., IEEE T. Signal Process. 1997
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Coll Brain Mask Phase Unwrapping Background Phase QSM with
Combination ) L Extraction (BET) ) L (PRELUDE) ) L Removal ) \ FOCUSS

FOCUSS-QSM with magnitude prior

= We expect the susceptibility distribution to share similar spatial
gradients as the magnitude image.
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Coll Brain Mask Phase Unwrapping Background Phase QSM with
Combination Extraction (BET) (PRELUDE) Removal FOCUSS

FOCUSS-QSM with magnitude prior

= We expect the susceptibility distribution to share similar spatial
gradients as the magnitude image.

= To impose this prior, we modify the update equations as,
W00 :diag(|axm|1/2), m: magnitude image

at k™ iteration,
. 1/2
W, = dlag(|axlk—1| )

d, =argmin |F(,5) - DFW
q

W, +al;

prior

0. x. =W

prior

WO

i
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FOCUSS-QSM with magnitude prior

= We expect the susceptibility distribution to share similar spatial
gradients as the magnitude image.

Expressed in terms of 0, y

pnor—dlag(|6 m|” ) m: magnitude image

prior

0, X =argmin |F(4,8)-DF (o, Z)Hz + sz—l W (8, Z)Hi

x X

i
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FOCUSS-QSM with magnitude prior

= We expect the susceptibility distribution to share similar spatial
gradients as the magnitude image.

Expressed in terms of 0, y

pnor—dlag(|6 m|” ) m: magnitude image

0,2 =argmin [F(0,5) ~DF (0,7, + 4|Wha W, (2,1,

prior
X

if 0,m, issmall, W_._ (i,i) willbe large and penalize 3, y, more

i
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FOCUSS-QSM with magnitude prior

= After estimating the spatial gradients along X, y and z axes,
the susceptibility distribution that matches these is found by
solving a least squares problem,

y=argmin Y [0,.60-6, x|} + ,B-H5—F'1DF0H2
o

r=Xx,Y,z

iF
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J

FOCUSS-QSM with magnitude prior

= After estimating the spatial gradients along X, y and z axes,
the susceptibility distribution that matches these is found by
solving a least squares problem,

y=argmin Y [0,.60-6, x|} + ,B-Hé—F'lDFQHE
0 r=x,y,z

\ } \ J
| |

matching gradients  data consistency
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QSM result: FOCUSS-QSM with magnitude prior

QSM.- x with

FOCUSS
Inversion

)

- field map

sagittal — sagittal
view view

= Starting from the noisy field map ¢, FOCUSS-QSM with
magnitude prior yielded a susceptibility map with 1.3 %
RMSE relative to true y.

i



QSM result: FOCUSS-QSM with magnitude prior

x with

QSM-
FOCUSS
Inversion

)

- field map

= The reconstructed susceptibility map managed to recover the
vessel at the magic angle, which was virtually lost in the field
map.

i



In vivo QSM result: FOCUSS-QSM with magnitude prior

e

*

3D GRE acquisition at 3T

32 channel receive array
0.94x0.94x2.5 mm3 resolution
TE: 20 ms

e

*

e

*

e

*

Hir -0.3 ppm 0.3 ppm
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In vivo QSM result: FOCUSS-QSM with magnitude prior

Structure

Ax [ppm]

Globus Pallidus

12.3

Substantia Nigra

10.5

Dentate

6.2

Red Nucleus

4.5

Putamen

3.2

Caudate

2.3

x 0.01 ppm, relative to y.q¢

subs. nigra: 0.105 ppm
red nuclei: 0.045 ppm

dentates: 0.062 ppm putamen: 0.032 ppm

AT
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In vivo QSM result: FOCUSS-QSM with magnitude prior

Hir -0.3 ppm 0.3 ppm
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In vivo QSM result: FOCUSS-QSM with a prior

Vessels are less apparent
without the magnitude prior

i - B 0.
Uk o 0.3 ppm =1 0.3 ppm

www.rle.mit.edu



Corresponding Tissue Field Map:

i -0.1 ppm 0.1 ppm
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In vivo QSM result with magnitude prior in k-space:

i
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In vivo QSM result with magnitude prior in k-space:

i
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Potential drawbacks of FOCUSS-QSM

= Computation time:

 Dipole fitting for background removal = 2 hours
“ FOCUSS-QSM = 1 hours
 Total processing time = 3 hours for data of size [256x256x64]
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Potential drawbacks of FOCUSS-QSM

= Computation time:

 Dipole fitting for background removal = 2 hours
“ FOCUSS-QSM = 1 hours
“ Total processing time = 3 hours for data of size [256x256x64]

= Solution:

“+ Both algorithms solve Least Squares problems, Graphics Processing
Card (GPU) implementation will greatly enhance the performance

iF
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Conclusion

Starting with a multi-coil 3D GRE acquisition, we outlined
coll combination and background phase elimination methods
that yielded the tissue field map.

We introduced a Quantitative Susceptibility Mapping

algorithm that makes use of the magnitude image to facilitate
the kernel inversion.

i
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L1 Regularized Susceptibility Inversion

Again, we are seeking the susceptibility map that matches
the observed tissue phase,

Find y suchthat 6 = F 'DF y

The susceptibility values are tied to the paramagnetic
properties of the underlying tissues; hence they vary
smoothly across space within anatomical boundaries.

Based on this, we model the susceptibility map to be
approximately piece-wise constant,

And formulate this belief by invoking sparsity inducing L1
norm on the spatial gradients of y

i



L1 Regularized Susceptibility Inversion

= We solve for the susceptibility distribution with a convex
program,

. _ 2
Xiissue = argmin, ||6 — F7IDF y|| + & ({|0, xIl, + (10, xIl, + 110 xIl, )

= We call this method L1-QSM, for which A serves as a

regularization parameter that adjusts the smoothness of the
solution

= This is essentially the same formulation as FOCUSS-QSM,
but is less sophisticated as magnitude information is not used

i



Tissue iron deposition in young and elderly subjects

Tissue susceptibility is a sensitive marker of iron
concentration, however it is partially influenced by myelin,
proteins etc.

In this study, we used L1-QSM to test the hypothesis that,
Iron deposition in striatal and brain stem nuclei would be
greater in older than younger adults

Subjects:
11 younger adults (age = 24.0 £ 2.5) and
12 elderly adults (age =74.4 £ 7.6)

Data:
Susceptibility Weighted 3D SPGR at1.5T

v 01



Average L1-QSM Result for the Elderly

EOIETN0.16 ppm
Average L1-QSM Result for the Young
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Average L1-QSM Result for the Elderly

Striatal ROIs Brain Stem ROls
Average L1-QSM Result for the Young

0.1 ppm R [TNeN
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Average L1-QSM Result for the Elderly

Elderly caudate nucleus: 0.059 ppm

Young caudate nucleus: 0.023 ppm

t-test result: p < 0.0001
significant




Average L1-QSM Result for the Elderly

Elderly globus pallidus: 0.120 ppm

Young globus pallidus: 0.069 ppm

t-test result: p < 0.0001
significant




Average L1-QSM Result for the Elderly

Elderly putamen: 0.095 ppm

Average L1-QSM Result for the Young

Young putamen: 0.024 ppm

t-test result: p < 0.0001
significant




Average L1-QSM Result for the Elderly

Elderly red nucleus: 0.091 ppm

Average L1-QSM Result for the Young

Young red nucleus: 0.030 ppm

t-test result: p = 0.0008
significant




Average L1-QSM Result for the Elderly

Elderly substantia nigra: 0.055 ppm

Average L1-QSM Result for the Young

Young substantia nigra: 0.023 ppm

t-test result: p = 0.0178
significant




L1-QSM vs. Postmortem

= L1-QSM results correlate well with published postmortem
results!, with Rho =0.881, p =0.0198

L1-QSM vs. Postmortem
Rho=.881, p=.0198
0.15 -

% globus pallidus

putamen
T © red nycleus
a
1|

> §|—I :
o 0.054 caudate . <;>.
hd - | |s nigr |
- 1| T
—cm—0 _
-leentate n J_
0+ Young (N=11)
IE-I thalamus o Elderly (N=12)
[ & : -
frontal | All subjects (N=23)
wm
-0.05 : | | | | |
0 5 10 15 20 25 30
Postmortem
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L1-QSM vs. FDRI

= Field-Dependent Relaxation Rate Increase (FDRI)?! is another
iIron quantification that requires data acquisition at two
different main field strengths.

= L1-QSM is strongly correlated with FDRI results,
with Rho = 0.976, p = 0.0098

L1-QSM vs. FDRI (N=23)
0.15 - Rho=.976, p=.0098

T globus pallidus
putamen

0.1 1 ‘[
_r|ed nucleus
0.05 4 caudate l | ‘ =
: s nigra
'ﬁfr

—

L1-QSM

H=R=a=—

| —

J_denta n

TT
+—EEH— thalamus
1L
frontal
-0.05 | 1 | 1 1

Niir
103 1 Bartzokis, G. et al,, 1993, Magn Res Med
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L1-QSM vs. FDRI

= L1-QSM requires data acquisition at a single main magnetic
field strength, and has much higher spatial resolution,
enabling iron quantification in vessels.

Young Elderly

iF
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Effect of regularization parameter i

(a) Over-regularized, A = 3-10°3

(b) Under-regularized, A = 3-10*

H

(c) Optimally regularized, A = 103



