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Revealing Tissue Architecture
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" Landmen otal. 2008a
One White Matter Voxel Scanned 22 Times Over 3 Days

Traditional Estimator Robust Estimator (Likelihood)
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Background

i
a
==

‘;truc“‘tural MRI

 Contrast dominated by
— NMR properties
- T1,T2,PD

« White matter appears
relatively homogeneous

m | t
) | MPRAGE
- - |
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Backdground

Diffu%ion Weighted MRI

« Does water diffuse?

— Depends on tissue

— (Greatest diffusion in
cerebrospinal fluid

 Mean diffusivity is
hearly constant

J L :Diﬂusi'uity
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Background

Directional Diffusion
i3

 Preferred direction?
— Diffusivity
— Orientation
— Anisotropy...

« Derived Quantities

| Diffusion
== Orientation

L - |
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Background

Meefsuring Diffusion

* Sensitize to diffusion with WERI=RID Sehe S
balanced gradient pulses - I .
— No Motion = No Effect — 3
— Bulk (Coherent) Motion - Dephasing Rephasing
Phase Shift G
— Diffusion (Incoherent) —F
Motion - Signal Loss Reference Diffusion Weighted
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Cory & Garroway 1990

Sum over _
e Volume and Number  Motion Probability
Diffusion : _ “Pro ator”
. Ref. Motion  of Spins pagatl

Time

—A——t—t

S(a,A) =50 / / r|r0,A)

nghtmg

Fector x exp [j2mq - (r — r.

Phase change due to motion fr

.......

Note (units: 1/length):
-
q = ﬁ"}‘gé
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Diffusion Tensor MRI Q-Space MRI

« 3-D Gaussian * 1-D Nonparametric
— Diffusion by direction — Diffusion by displacement
¥ Integrity and connectivity » Restriction environment
» Tensor ellipsoids » Probability density
functions

Probability
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Where Do S th Sl ;g_‘a‘*l Come from‘? .

e -3
5 N

Sources of signal
— Intra-axonal

— Myelin =

— Extra-cellular =

— Intra-glia =

All of the above!

« Apprx. 5.2x1020 water
protons/voxel

And exchange!
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L(observations; acquisition, propagator)

* Explain and account for diffusion behavior
of water protons /in vivo

— Understand the acquisition (signal theory)
— Model diffusion propagator
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Acquired Zero-padded Reconstructed
Images

k-Space
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Parallel Acquisition

[l

=
—
—

February 21, 2008

k-Space

U.C.Berkeley EECS

Complex Magnitude
Image Image

Repeat for each
diffusion
weighting



Acquired Zero-padded Reconstructed Complex Magnitude
k-Space k-Space Images Image Image

—C3-E

Parallel
Acquisitiun

Spatially Spatially
Correlated Correlated

N(,0%)+  N(0,02)+ N(0,0°)+ N(0, aiz,)+
jN(0,0%)  jN(0,07) iN(0,0°) iN(0,02,) Artifacts!
| RASay, 0yl + Eoy,

l.1.dl. ..d. (central)
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Signaland Noise

Motion Corrected Diffusion Model

Diffusion Images I.i.d. Diffusion Images I.i.d.
Spatially Correlated Spatially Correlated
R(Sg:r:? aﬂ'my) o -E;ﬂ;l.’?,ij R(ngya eg) _E_ ﬁﬂ:y —
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Sighaland Noise

Traditiqnal Noise Estimation

Kaufman etal . 1984

Traditional Method

« Select a background region

* Rician = Rayleigh in
absence of signal
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- Spatially varying noise
— Parallel imaging

« Correlated noise
— Up-sampling
 Non-representative background

— Ghosting artifacts
— Background suppression

P s o
i Y

=

- Limited time avallable for clinical sequence
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Sighaland Noise

Robué“*{t Noise

EStimation

Difference

£

"ﬂ

!

uh"‘ e
ey =

A
A K
FA

R ( Sg;r ys Ty )

R( SFH-".U » Ty :]
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Landman etal. 2007a 20080

Q, scale
estimator

Regularized
Noise
Estimate

Local Noise
Estimate

&
Jd' o }

ol _.'ll1u"'.I ( a Ty

Chebyshev polynomial fit
(2D-3'" degree) using high
intensity voxels
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« Map Noise Field vs. Traditional Scalar Methods
— Compare medianfield estimate

« Simulation
— Whatis the predicted accuracy?

« Phantom

— How does noise level correlate with the number of signal
averages”

* Invivo
— How do estimates based on clinical data compare to ground
truth noise levels?”?

February 21,2008 U.C.Berkeley EECS



Landman etal. 20080
« Simulation Simulated Reliability

R e
— 100x more accurate when ~

accounting for spatially variable

noise and artifacts

« Phantom

— |Inagreement with theory: R4=0.99
— Other methods: R2<0.95

e [nvivo

— Spatially consistent with ground
truth estimates (~5%)

— Mean estimate within 1.7£0.9%
— Other methods: 211.2+1.9%

\ Our

Method

Log(Error)
I|I- .'E
11+
I

=
&
&
& |

February 21, 2008 U.C.Berkeley EECS



o

JVeErRview

« Background _
« Signal and Noise in DW-MRI ( .
* Diffusion Tensor Imaging
» Q-Space Imaging
« Conclusion

* Future Directions

February 21,2008 U.C.Berkeley EECS



DTI

Stejskal*Tanner Tensor. Model
%

Signal Attenuation Stejskal & Tanner 1965

L‘;:{l.&: .""I:|! // £ |"|_|||j 'l ..‘E-

< exp [j27q - (r — ro)| _ _
b-value Gradient Diffusion
3D Gaussian b = |q|2A orientation tensor

Propagator eyt =
- —bgTD
S(b:r g) = Srefe = =

Sighal with Signhal without
diffusion diffusion
weighting weighting
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Diffusion Peanut
Distance from the
origin represents
apparent diffusivity in
each orientation
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Diffusion Ellipsoid
Surface is an
isosurface of the

probability of diffusion




« “Apparent diffusion ADC =MD = —
coefficient” varies by
direction: ADC, _MtAt A

* Need an “invariant” metric

« Solution:

— Mean diffusivity

— Apparent diffusion
coefficient

— Tensortrace
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* First Metrics
— “Ratios” of Eigenvalues
— Sorting Problem
 |nvariant Metrics

— Relative Anisotropy
— Lattice Index
— Fractional Anisotropy (FA)

2 AT+ A3+ A3
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DTI

AOrientation
k3

Color-coded Diffusion Maps
Pure red: leftto right

‘Pure green: frontto back
*Pure blue: head to foot
«Colors blended by direction
[ntensity multiplied by FA
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Easser & Jones 2002

« Relation of ADC to tensor elements
1 5'4::lw

=g’ Dg

= [gi 293:9:-',.' 2023 Q; nggz QE][D:E-T D::-:y D Dyy Dy; Dzz]T
== Gg[Dm:‘.': Dmy sz Dyy Dyz D.z:z]T

+ Least squares (LS) estimate (Gaussian Noise):
[D e Dy Dz Dyy Dy Do ]* = (GG LG R

» Weighted LS (Multivariate Gaussian Noise):
[Dze Doy Dz Dyy Dy, D ]" = [GTEGIEGEE
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= Gg[Dm Dyy Dz Dyy Dy D-z'zIT

* Noise is not Gaussian

— Rician distributed observations

— Bias at low SNR

— Logarithm of the ratio with common reference
« Spatially varying noise
» Artifacts
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Landman etal. 20074

T
%fj — ¢~ 08 Dsg Stejskal-Tanner Model

g’ Dg Rician
Saw ~ R(Sref,€ ' Ty ) Likelihood

_ Model
ﬁ(del O dWn Sref) :R(Sref: Srefo s J:L'y)

N
[ [ R(Saw., Sretse ™8 P&, 04,)
=1
. _ 8 Unknowns /’_
D = argmax L(Sqw;.--Sdw, s Oref) RAGLCAEETUEN SO
D,Sref; »0xy Noise Level (x 1)
. Tensor Coefficients (x 6)
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drameterization.
t ") £ ' | 1

Landman etal. 20074

Traditional Approach

Euler Angles and Eigenvalues

I Dﬂ;;,.; D;;-:y sz / T L
= Dmy Dyy Dyz ¢
I Dy, Dyz D . Mg E
A1 & i
—RT Ao R A
_ il
=[fu1 Uo ‘Us] [/\1 A2 :| ['”1 vg'vﬁ]T !
A3
Proposed Approach
[0 - 2 i
B R e'2 s Ra-bc
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Landman etal. 2008¢

* |ncorrect noise levels

— Regularized noisefield
- Bayesian prior probabilities

f) = argma}{ E(del --deu.'.rSI'Ef)

5 rc:f{] 1 Txwy

« (Gaussian prior with mean set
to the initial estimate and
variance proportional to SNR-=
+ Influence of artifacts D = argmax £(Saw, ---Sawi » Sref) P(0ay)

DS et Txy

— Truncated (Huberized)
liIkelihood function

» Determine truncation point
adaptively from the initial 5
likelihood distribution

Jr
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My L}

L e & - ey OB ._, = g
. Diffusion Tensor Estimatio

Maximizing|Rician Likelihood (D ( "?*

Lan dman etal 2007a,2008c

P

D = argmax ﬁ*(del i A, Sr_ef)P(Jiﬂy)

D:Srﬂfsﬂ'}:y

Initialization [ Tensor [ Noise Level
[ Reference Signal 1 Noise Priors

Optimization D = argmax L£*(; Scef; 0y ) P(02y)
Tensor D

{S}Ef; Ozy} = argmax L (e; ﬁ)P(me)

|maging Srcf;ﬂ':r:y
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* |dealized (no Artifacts)

— Improvements in white
matter above 10:1 SNR

— Little effect on gray matter

* Realistic (with Artifacts)

— Substantial iImprovements

iIn both white matter and
gray matter

February 21, 2008
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Percent Improvement

Landman etal 2008¢c

(A) Artifact Free
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DTI

Reliability /nf Vivo

Landman etal. 2007a 2008¢
FA Reproducibility Improvement

 Repeated Scanning
— One subject scanned 22
times over 3 days
* |Improved reproducibility
In white matter
— 30%+ tensor coefficients
— 15%+ FA

« Little effectin gray
matter

115

I
sk
=

1
&N

31
Percent Change

|
ol
=

-15

Degradation
1.5T, b-value of 1000 s/mm<, 30 DWW directions
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DTI

Spinal Cord DW-MRI'

L

Smith et al. 2003

 White matter in the
spinal cord is highly
oriented
— Orientation is known

— Approximately radially
symmetric

« Can we learn more
about the cellular
environment?
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Signal Attenuation

.;';1{(:1.. .&} =S"| ‘// ;1[1'{]]1”11*““*. A

x exp [j2mq - (r — ro)]|

1D Nonparametric Propagator Phase

Stationary Propagator j :
5(g, A) = So /P(I' — rg, A)e!*" " dg]

St !
Obfserved Reference
Signal Signal
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Signal Attenuation

S(q, &) =5p| // plro)Plrgir. A)

% exp |j2rq - (r — o)

1D Nonparametric Fourier transform

Stationary Propagator 1
S(g,A) = Sp| /P(r — 10, A)e??™" dp|

Amplitude Spectrum

- Estimating the propagator
* [terative reconstruction from amplitude spectrun
» Assume phase - inverse Fourier transform
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e t -

_ _Assumptions.
. b » 5\ < ‘.

i, . 1‘_‘ . I

5
1

MNorrs 2007

« “Long-time Limit”

— With impermeable membranes and infinite diffusion time,
the propagator becomes the autocorrelation of the
restriction geometry

» Zero Phase
* |In practice for the CNS

than the spacing of cellular membranes (1 -

February 21,2008 U.C.Berkeley EECS



« Acquire S(q,A) at many values of ¢

Smooth noisy data

Take inverse Fourier transform

Inverse
Fourier
1 Transform

February 21, 2008
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PDF

Contrasts

probability

distance

Mode Probability (PO)
» Full Width at Half Maximum
(FWHM)
~ Root Mean Squared
Displacement (RMSD)

Myelin Stain, Human C5

e Ventral

Pl

WER Dorsal
Fyramis 2004

“Loss of Myelin

b2 and Axons™

“Loss of Myelin™
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Cohen ._&%?3555-'5'&f 2002

Observed
Signal

signal

PDF

probability
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-Gaussian
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“‘Improve
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S(q,A) = So f P(r, A)ed2mr |

 Ad hoc assumptions
— “Noise Floor” Criteria
— Strict Model Fitting
— Rician distributed observations
— Bias at low SNR

* Limited acquisition
— Cannot image in vivo at high ¢
— Magnitude of spectrum of P(r,A)

e Artifacts

February 21, 2008 U.C.Berkeley EECS




Landman etal. 2008d

 Properties of diffusion PDF’s

— Positive } PDF
— Symmetric
. } Physical constraints
— Monotonic
« Model

— Positive mixture of zero-mean Gaussians
— Estimate variances

— Adaptively adjust model complexity
+ Determine number of basis functions with the L-curve criterion

February 21, 2008 U.C.Berkeley EECS
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Landman etal. 20073

— £ o—kq*D,;
Saw(g) = So Zl fie Mixture Model for Smooth PDF'’s
Zg‘fi = lﬁvf?- E 0
D e [3x107°,3 x 10~3] mm?/s Constrain to Physiological Diffusivities

—

Sd ""’R(Srefu _quﬂwﬂ'my)

2 Rician Likelihood
LSy oSt i o HR(dej,San; SRR

J=1

Truncated Likelihood and
{D} = argmax L*(Sqw, .. deﬂ:SO)P(Ja:y) Bayesian Regularization
{D} Sﬂ!ﬂ'ﬂy -
L-Curve Criteria to Select
Number of Components
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« Qverall: 95%

Improvement in
integrated MSE of
estimated PDF's

 White matter: 21%
Improvement

« Gray Matter: 98%
Improvement

February 21, 2008

Landman etal. 2008d

A.Simulated q-Space PDF Estimate in White Matter

Probability
= Pt W B Un Ch =] OO

x 10"

. Truth Model
m EMAL Median

woom o sEneL 25™ret® ausnt | 4

IIIII BR-Gasii s I eclidn

Be-Gaws 257775 ™ Quant | 1

B.Simulated g-Space PDF Estimate in Gray Matter

Probability

,,,,,
C.bBer

4
%10
? =
L . Trath Model
6 = m— OEMAL Median
H == GEMRL 25775 Quant
- ] smmms Fi-Gays Median
5 ; i paGaus 25™7s™ cuant
4 i
3
51
1+

5
Distance (Ezm)




* |Improved reproducibility
— Mode Probability (P0O) : 23%

— Full Width Half Maximum

(FWHM) : 18%
— Root Mean Square

PO

Displacement (RMSD) : 26%

Increased tissue contrast

Myelin Stain, Human C5
o Ventral

— Dorsal

February 21, 2008

FWHM

RMSD

QEMRL
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Bi-Gaus
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Lan dman etal. 2008e

My elin Stain, Human C5 CO I"ltl"O' MS Patient Cor}trol

. ‘ufentral

Frobability

Dorsal

Probability

b

o m— Cray Matter Hom (GH)
Ventral Column (VO
{LC)

E':-._

B
3T, 32 samples lin e,art{g,.sﬁﬁa i
February 21,2008 C.Berkele

mmEE | ateral Column




o

JVeErRview

« Background _
« Signal and Noise in DW-MRI ( .
* Diffusion Tensor Imaging
» Q-Space Imaging
« Conclusion

* Future Directions

February 21,2008 U.C.Berkeley EECS



« DW-MRI reveals cellular structure
— Rician noise corrupts analyses

 Robust likelihood techniques
— Properly account for noise
— Increasetissue contrast
— Improve reliability

* Likelihood models have great potential
— Forward applications: analysis
— Reverse problems: acquisition design

February 21, 2008
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FutureDirections

Clinical Applications

 Development of

Biomarkers 4
— MSlesion and normal j@
appearing white matter :
— Spinocerebellar ataxia
« Targeted Acquisitions _.

and Modeling SR e

— Spinal cord i e
» MS/traumatic injury "j‘,t {

— Cerebellum/brainstem e S AN
* Neurodegeneration R : ;, JL

 |nformatics
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FutureDirections

%

Emerging DW-MRI

« Non-tensor DW-MRI

— High angular resolution
— High g-value

— Multiple b-values and
directions

* Non-traditional DW
Imaging targets
— Peripheral nerves
— Musculoskeletal
— Cardiac muscle

February 21, 2008 U.C.Berkeley EECS

High Angular Resolution Diffusion Imaging




< -

* Hypothesis testing and
model selection

— Multi-dimensional/multi-
modal characterization

— Atlasing building
« Interpolation
+ Metrics

* Quantitative Imaging

— Metabolic imaging with
Chemical Exchange
Saturation Transfer (CEST)

February 21, 2008 U.C.Berkeley EECS
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