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Multi-Contrast MRI: infeasible scan times

inversion times

Tl

TE, TE, TE; TE, TEs TE; TE, TEg TEs TEj,

Tl, Tz Tl TlIs

« Acquiring multiple image contrasts within a single scan Our method:
v’ scan-specific
« Varying MR experimental parameters e.g. Tl, TE v self-supervised

v" no training
Long scan times limit clinical adoption of multi-contrast MRI ’ @ data required
q

3.25 min
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Overview of our method

acquisition reconstruction
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-Q- The contrast changes, BUT the anatomy remains constant ' -evine etal. (2017)
2 Niessen. et al. MICCAI-RIME (2025)

3 Huang W. et al. IPMI (2025)
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Methods
Complementary undersampling

contrast k-space anatomical details

high frequencies:
sampled sparsely & complementary across contrasts

k-space center:
densely sampled

Mask T1, Mask TI; Mask T1,

AR T

Mask T1;

variable density
Poisson disk sampling
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Joint reconstruction with Implicit Neural Representation (INR)

- learned images
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MPNnRAGE: multiple inversion time (Tl) contrasts

« 3D acquisitions on 3T DISCOVERY™ (GE HealthCare) scanner

« Scan time for 10 Tl contrasts: 1.5 mm resolution fully sampled 22 min

1 mm resolution fullysampled 1.45 hours ,

* INR reconstruction was performed per slice (1.2 seconds), keeping the same hyperparameters

TI, Tl, Tl Tl, e T, T, Tlg Tl, Tl
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Results submitted to AAIC 2026

Highly accelerated MPNnRAGE

1.5 mm resolution

fully sampled data [21.52 min]
TI1 TI2 TI3

Reference (iFT)

SSIM [a.u.]
undersampled data R = 6 [3.25 min] -3000
- 2500
0.945 + 0.017
-2000
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£
0.927 + 0.040 -1500 —
—
|_
PICS -1000
0.897 = 0.012
-500
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-0
0.776 = 0.013
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Results accepted at ISMRM 2026

Highly accelerated MPNnRAGE

1 mm resolution

R=8[10.54 min]

R=20[4.22 min]
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Outlook

What can MPNnRAGE be used for?

1. Tissue nulling —> Biomarker discovery
WM null GM null CSF null
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Highly accelerated multi-contrast MR
acquisition

v' Complementary undersampling and joint INR
reconstruction leverage shared anatomical information

-
complementary
undersampling

v Self-supervised & scan-specific

v" Prospective accelerations up to R=20 yield promising image quality
—> allowing for clinically feasible scan times (e.g. MPNRAGE 4.22 min)

- Next steps:
° AchIre MPNnRAGE dataset as part Of % EARLY DEMENTIA DETECTION
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joint INR
reconstruction

10



Acknowledgments

PREDICTOM

EARLY DEMENTIA DETECTION

Annual Meeting 2024

This project is supported by the Innovative Health Initiative Joint Undertaking (IHI JU) under Grant Agreement No
GE HealthCare 101132356. The JU receives support from the European Union’s Horizon Europe research and innovation programme and Helse

— Stavanger HF, King’s College London, Foundation Lygature, Ethnniko Kentro Erevnas kai Technolgikis Anaptyxis - Centre for DAAD Zuse Schools
L5 Research and Technology Hellas, Fraunhofer-Gesellschaft zur Forderung der angewandten Forschung e.V., JOANNEUM Konrad Zuse Schools of Excellence  Wjth funding from the:
Sh¥n RESEARCH Forschungsgesellschaft mbH., Qairnel SAS, LudwigMaximilians-Universitaet Muenchen, National Institute for Health nArdficialinieligence
" EARLY DEMENTIA DETECTION and Care Excellence, Alzheimer Europe, Pharmacoidea Fejleszto es Szolgaltato KFT, Novo Nordisk A/S, GE HealthCare GmbH, - &va * s??leef:ela':ligi?;ghmlo

e ® innovative Siemens Healthineers AG, The University of Exeter, lcometrix nv, Universitatsklinikum Erlangen, Vrije Universiteit Brussel, 5{"1" and Space &

|.| health Fundacion Para la Investigacion del Hospital Universitario La Fe de la Comunidad Valenciana, ALZpath Inc, GN Hearing AS, LA\ |AI
' initiative Muhdo Health Ltd, Université de Genéve, Altoida Inc, and BrainCheck Inc re

Niessen et al.: INR meets Multi-Contrast MR| Reconstruction 11



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11


   T 1


    T I 1               T I  2               T I 3


              T I 4             T I 5


            T I 6


              T I 7


            T I 8


              T I 9


            T I  10


    T E 1             T E  2           T E 3


          T E 4           T E 5


            T E 6


          T E 7


          T E 8


            T E 9


            T E  10


   T 2 ∗


  1   − 2  e  −  t   T 1


   e  −  t   T 2 ∗


    T I 1                   T I  2                   T I 3


                  T I 4                     T I 5


                  T I 6


                    T I 7


                  T I 8


                  T I 9


                    T I  10


    T I 1


    T I 2


    T I 3


    T I 4


  ×


   M 1             M  2              M 3


            M 4           M 5


            M 6


            M 7


          M 8


          M 9


          M  10


    T I 1


    T I 2  


    T I 3


    T I 4


    T I 5


    T I 6


    T I 7


    T I 8


    T I 9


    T I  10


    T I 1           T I  2           T I 3


          T I 4           T I 5


          T I 6


          T I 7


          T I 8


          T I 9


          T I  10


    T I 1                                       T I  2                                         T I 3


                                    T I 4                                       T I 5


                                      T I 6


                                      T I 7


                                      T I 8


                                    T I 9


                                    T I  10

