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Introduction | Relaxation and diffusion MR Fingerprinting

MR Fingerprinting (MRF)
Ma et al. Nature (2013)
Jiang et al. Magn Reson Med (2015)

Dyx (x1072mm?s™1)

T1 (ms) T2 (ms) Dyy (x10~*mm?s~1)

Diffusion-weighted MRF
Jiang et al. ISMRM (2014, 2016, 2017)
Cohen et al. ISMRM (2018)

Rieger et al. ISMRM (2018)

Dyz (x107*mm?Zs~1) Dyz (x10~*mm?s~?) Dz (x1073*mm?s~1)

Deep learning-based parameter mapping for joint relaxation

and diffusion tensor MR Fingerprinting
Pirkl, Gomez et al. MIDL (2020)



Methods | Diffusion-sensitized MRF sequence
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* Acquisition parameters
2 40 ] *  1.2x1.2x5 mm?3 resolution
m « 22.5x22.5cm?FOV
. 20 | J L J—— * Variable density spiral sampling (34
m 0 200 a00 600 800 1000 1200 interleaves)

TR index
* 30 diffusion encoding directions

* TI=18ms, TE =6ms

¢ 32s/slice acquisition time

Sliding window reconstruction
*  Window size = 34

*  Window stride = 34
McNab & Miller NMR Biomed (2010), Bieri et al. Magn Reson Med (2012), Gémez et al. ISMRM (2017)



Methods | CNN-based parameter mapping

MRF image-series x Quantitative relaxation and diffusion tensor reference maps y
x € ]R256>(256><T y € ]R256><256XQ
T = 36 temporal channels @ = 8 quantitative channels
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© ¥ ° Experimental setup + CNN training
o 578 1152 576 _—
+  conv 3x3 + leakyReLU + (DO} g - - — =] . 10-fold cross validation
- conv 1x1 m
= max pool 2x2 . L1 loss
=P deconv 2x2 + leakyRelLU
= copy + concat ¢ Learning rate = le-4

¢ Dropout rate =0.25
e Batchsize=5

Ronneberger et al. MICCAI (2015), Deoni. JMRI (2007), Deoni et al. Magn Reson Med (2003) * 400 epochs



Results | Qualitative evaluation

MRF image-series T1 (ms)

Prediction

Reference

Relaxation and diffusion tensor maps

* High consistency between CNN prediction and
state-of-the-art reference

¢ CNN reliably reconstructs relaxation and

orientational diffusion information

Scalar diffusion metrics

Good agreement with EPI-DTI reference

Colored FA maps + primary diffusion eigenvectors

Characteristic fiber structure in WM is captured

Dyx (x1073*mm3Zs~Y)

Prediction

Reference

MD (x1073mm?2s~1)

Dyy (x10~*mm?s™!)

AD (x107*mm?2s1)

Dz (%107 3mm?s™1)

RD (x1073mm?s™1)

Dy (X107 *mm?s™1)

Colored FA

Dyz (x10™*mm?3s~1)

Dy (x10™*mm?s™1)




Results | Quantitative evaluation
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Quantitative evaluation substantiates

qualitative findings

. Reliably reconstruction of relaxation and
orientational diffusion information, also in
regions of diagnostic importance (MS lesions)

-> Generalization capability

. Comparable reconstruction performance for T1

and T2 with respect to DESPOT1/2 methods

. Better agreement with EPI-DTI reference for

diagonal diffusion tensor elements (D,,, D,,, D,,)

yy’

than off-diagonal elements (D,,, D,,, D,,)

Xy’



Discussion and outlook

Thank youl!
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Relaxation and diffusion-sensitized MRF sequence

@CNN-based multivariate regression

v Relax MR acquisition requirements

v Efficiently encode: Outlook: Improve on our baseline

« T1and T2 relaxation times . More advanced deep learning approaches

«  Orientational diffusion information . More efficient, motion-robust diffusion

v’ Bypass conventional dictionary matching encoding scheme

Major challenge: Severe head motion

- Prospective and retrospective motion
correction approaches

- Increase motion robustness of sequence

design



