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Motivation: rFOV Imaging

Potential Benefits:
1. Reduced scan time
2. Enhanced image resolution

3. Improved image quality in EPI due to
shorten echo train length

Application:
Brainstem/ Spinal cord fMRI 1]

[1]Beissner, F., Clin Neuroradiol (2015) 25:251-257

Table 1 Brainstem-specific problems in fMRI and some possible solu-

tions for them

Problem Possible solutions

Brainstem nuclei Choose image resolution of ~2 mm or higher

are very small Increase SNR by acquiring more volumes, using

compared to cor-  specialized coils or higher field strengths

tical structures  {jge parallel imaging, multi-band imaging or
partial FOV acquisitions to minimize spatial
distortions and keep scanning time within limits
Use spatial smoothing with caution
(<3 mm FWHM)

~ o



Motivation: rFOV Imaging

Potential Benefits:
1. Reduced scan time
2. Enhanced image resolution

3. Improved image quality in EPI due to
shorten echo train length

functional layer connectivity

VI layers |

)\(\J I Iayers VI

tlmecourse correlation

motor cortex), the approach of thicker MRI-slices can help
improve sensitivity. However, to fully grasp the neural repre-

Application: sentation of laminar activation across the folded cortical ribbon
: - [1] in higher-order brain areas with variable folding patterns,
Brainstem/ Splnal cord MR isotropic submillimeter resolutions are vital.

Layer-specific fMRI 12!

[1]Beissner, F., Clin Neuroradiol (2015) 25:251-257
[2]Huber, L., et al., Progress in Neurobiology 207 (2021) 101835



Synopsis

* We can restrict FOV by a short (6ms) outer-volume suppression
(OVS)

* However, the impact of OVS on the sensitivity/specificity of fMRI
detection is unclear

* We obtained 7.5-fold accelerated CAIPI 3D-EPI BOLD fMRI data
during four repetitions of a block finger-tapping task in a healthy
subject, both w/ and w/o OVS. We assessed test-retest reliability

of the activation maps using receiver-operating-characteristic
(ROC) analysis.



Sequence: SPGR with CAIP| 3D-EPI readout

segment0

X (Gfcm)

Y (Gfcm)

Z (Gfcm)

rbitrary unit)

' Fat-Sat ' ' OVS ' | | | CAIPI 3D-EPI Readout

RHO (a

10800 50000 60000

2D in-plane selective; 1D slab-selective; OVS: Outer-volume suppression
6ms 2ms




CAIPI Sampling Pattern

mask range: [0 1]

Ry= 3; RZ=2 .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I
Pa rtial ky = 72/90 .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I .I

MatriXSize: H ® HE E E fFE E E FE R R fE R E R R R R EEEEECBHE

9 O X 9 O X 6 O ..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I

ReSOlution: H B E E E E E E fE fE fEEE R R R R EEEREEECH

2 . 4 mm 3 ..l..l..l..l..l..l..l..l..l..l..l..l..l..l..l..l..l..l..l..l..l..l..l..l

TR:O.SS H ® HE E E fFE E E FE R R fE R E R R R R EEEEECBHE

T E = 3 O m S .I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..I..l..l.

Felix A. Breuer, et al., Magnetic Resonance in Medicine, 53(3):684-691, 2005



Structural Scan
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fMRI Finger-tapping test

(a)

(b)

A o
A 4

Time/s
40s

20s rest + 20s tapping = 1 block
5 blocks = 1 repetition
4 repetitions for both OVS off and on, alternatively on-off-on-off-on-off-on-off

OVS off

OVS on




fMRI Finger-tapping test

(a)

(b)

A o

> Time/s

h K

T-score maps; Threshold at 4

OVS off

OVS on




Test-Retest Reliability coc comee
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Test-Retest Reliability coc comee

10=| ® ~€——PERFECT CLASSIFIER " 44""'@’7
Sweep the threshold value, for each E”'
threshold, calculate (FPR,TPR), get a dot in ;%.
the ROC curve 3
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FPR FalsePostive o1
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TPR = Y “Hit”
FalseNegative + TruePositive Pa

Q: Which one is better: guess all positive, or guess all negative?

(suppose in fMRI, proportion of truly activated voxels is far less
than 1/2)



Test-Retest Reliability coc comee
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FalseNegative + TruePositive Pa

Q: How do we know the ground truth activation classification?



Test-Retest Reliability coc comee
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FalseNegative + TruePositive Pa

Q: How do we know the ground truth activation classification?
* Longscan;
e | Statistic Model Entails multiple repetitions (M = 4) of experiment




Mixed-Binomial Modell:2]

Assumptions:
e The behavior of voxels across different trials is i.i.d.

* The behavior of each voxel is independent of other voxels
* All voxels behave according to the same probability distribution

[1] Genovese, C.R, etal.,(1997). Magn. Reson. Med., 38: 497-507.
[2] Noll, D.C., etal., (1997). Magn. Reson. Med., 38: 508-517.



M |Xe d - Bl N O m i a l_ M Od e l 2;{);(;};{0rtion of truly active voxels

. og e Dr- FPR
Raw reliability map:
R, = Number of times out of M repititions a voxel v is classified active

Assume R, is drawn from a mixture of two binomial distributions:

R, ~ A - Binomial(M,p,) + (1 — A) - Binomial(M, p;)

Due to independence assumption, the likelihood function of parameters

P4, P1, A, only depends on the counts:

N, = z ;g =xy = Number of voxels that are classified active k out of M repititions

VeV



Mixed-Binomial Model

Letn = (ngy,nq, ..., Ny ) be the histogram-vector.

(The log of the) Posterior likelihood function of parameters p4, vy, A:
M

L(pap,Aln) =InP((pa,pr, A N) = Z nkln[Apﬁ(l — PA)(M_R) + (1 - /1)29;((1 — PI)(M_R)]
k=0

We estimate the parameters by the method of Maximum Likelihood
(ML).



Mixed-Binomial Model

Dependent likelihood model.

We use the same statistic maps (e.g., t-score) to generate a series of
reliability maps by selecting K differentthresholds 7y, < 7; < - < Tp_1.

These reliability maps should share a common A, while at each 7y,
the points (pfk),pgk)) are different, k=0, ..., K — 1.

Define: pyy is the probability that a truly active voxel is classified
active at k of the threshold levels and similarly for p;, kK = 0, ..., K.

_ vk-1 _ vKk-1
Note that pax= Lj—o Paj,Pix = Lj=0 P1j-



Mixed-Binomial Model

Dependent likelihood model:

Define n, for t = (t,, ..., tx), to be number of voxels classified active at

k threshold levels t; times (out of M) foreach k = 0, ..., K.

The dependent likelihood function is:

K K
laep®@apr 1) = ) nnf2 | ol + -2 [
t k=0 k=0

The parameters of interest: pflk) = ﬁ-{=k ij,pI(k) = f:k Pij



Raw t-score maps

M= 1 2 3 4

OVS off

OVS on




Thresholded t-score maps

- QVS OVS =
off on



Q: Suppose avoxel is classified

ThreShOlded t—SCOI’e maps active at k=3 of the thresholds,

which three would it be?

Mllt_'s 5 7 9 11

OVS OVS
off on



Masked Reliability Maps

— 3 5 7 9 11

Raw reliability maps

OVS off

80

OVS on




Activation Maps

(b)




Receiver operating characteristic (ROC) curve

Optimal threshold:
" =argmaxc(t) =Ap, + (1 =D —p))

Equivalently, at optimal threshold, the
local slope of the curve is (1 — 4)/A.

At this point on the curve, the cost of
removing one false positive voxel is the
loss of one truly activating voxel.

detection rate
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Conclusion

* We demonstrated in a motor task that our OVS pulse preserves
sensitivity to BOLD fMRI activation.

* We also show that OVS pulse has somewhat improved test-retest
reliability, though further investigation is needed for generalizability.

* We speculate the slight t-score decrease in OVS-on might be
caused by the suppression of some in-flow spins from OV which
may reduce the BOLD signal.



ROI-Image-Quality Driven RF
Pulse Design



Framework
Update RF { ROI
l Error
M/l/\A tRF No
Contrast
Uniform Bloch | Excitation
Phantom | Sim pattern
Contrast
FS k-data Recon » FS Image

- tEXT US
Image

FS: Fully-sampled

US: Under-sampled
tRF: Tailored RF

tEXT: Tailored Excitation

Tailored-EXT

A

US k-data

A

Retrospectively
UsS

Image

Synthesized
k-data




CAIPI Sampling Pattern

Ry=4; Rz=3
Partial ky = 72/90

Matrix Size:

kz
90x90x84

1

84

Mask

ky 72

90



Sanity Check

R=1
Fully-sample -
R=12;
Retrospective (pky=72/90)
Prospective R=12;

(pky=72/90)




Artificial Weighting to Emulate tailored

Fully-sampled

Retrospective
under-sampled
R=12

EXT

Fully-sampled w/ weighting

Retrospective

under-sampled
R=12




Masked — Abs — Normalize
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Data from another Scan

Fully-sampled

Prospective under-
sampled R=12
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Crusher
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Simulated tailored EXT

Fully-sampled

Prospective under-
sampled R=12 0.0

B(*)



Simulated tailored EXT

Fully-sampled

Prospective under-
sampled R=12

Fully-sampled w/ simulated tEXT
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under-sampled
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Simulated tailored excitation (tEXT)
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Real tailored excitation (tEXT)

Fully-sampled Fully-sampled w/ (real) tEXT
Prospective under- Prospective
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R=12




Real tallored EXT
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2D OVS + 1D EXT (20241122)
Fully-sampled

Prospective under-
sampled R=12

Fully-sampled w/ (real) tEXT
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OV S-off

2D OVS + 1D EXT (20241122)
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2D OVS + 1D EXT (20241122)
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In Vivo (20241124)
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In Vivo (20241124)
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In Vivo (20241124)
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Next Step

£ = ||Igs(OVSon) — Iys(OVSon)||,

e Design tRF based on ROI image quality (reduce aliasing as goal)



Next Step

£ = ||Igs(OVSon) — Iys(OVSon)||,

e Design tRF based on ROI image quality (reduce aliasing as goal)

e One Caveat: If only use ROI error between fully-sampled and under-sampled OVS-on images
as loss, the optimized excitation pattern might be totally random!




Next Step

L = ||[zs(0OVSon) — Iys(OVSon)||, + 1 - P (|m,%" - MZEXT oD

e Design tRF based on ROI image quality (reduce aliasing as goal)

e One Caveat: If only use ROI error between fully-sampled and under-sampled OVS-on images
as loss, the optimized excitation pattern might be totally random!

e Enforce IV excitation uniformity as well, via, e.g., penalization



Next Step

£ = ||Igs(0VSon) — Iys(OVSom)||, + 4 - P(|ML7* — MEEXT| )

e Design tRF based on ROI image quality (reduce aliasing as goal)

e One Caveat: If only use ROI error between fully-sampled and under-sampled OVS-on images
as loss, the optimized excitation pattern might be totally random!

e Enforce IV excitation uniformity as well, via, e.g., penalization

e Optimize sampling scheme in synergy with the tRF
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