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Automated brain volumetry with heterogeneous data
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Automated brain volumetry with heterogeneous data

relative volume error due
to protocol change

—— Hippocampus: 5%
[Richiardi et al, sub.] Clngulate 8%
' Deep white matter: 10%

annual hippocampus
atrophy in AD patients ~1%

[Ravano et al, ISMRM 2021] Veronica Ravano
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Domain adaptation with image-to-image translation

conditional GAN Protocol 1 Protocol 2

TR/TE/TI [ms] 2300/2.98/900 1930/2.36/972

- Resolution [mm?] 1x1x1.1 0.87x0.87x0.9
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N Pixel readout bandwidth [Hz/ms 240 200
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Protocol 1 Protocol 2

TR/TE/TI [ms] 2300/2.98/900 1930/2.36/972

Resolution [mm?] 1x1x1.1 0.87x0.87x0.9

Flip Angle [°] 9 8

Pixel readout bandwidth |Hz/ms | 240 200

N=74 paired (64 TR, 3x10 TE)

Model MAE | MSE | WD | SSIM 1 PSNR 1
baseline 128+18.0 18.56+4.80x10° 127+18.1 0.75+0.04 14.5+1.5

cGAN (L1 + LPIPS) 52.4+13.0  3.84%+1.70x10° 49.1+14.9 0.85+0.04 21.6+2.7
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Domain adaptation with image-to-image translation

conditional GAN Protocol 1 Protocol 2
TR/TE/TI [ms] 2300/2.98/900 1930/2.36/972
- Resolution [mm?] 1x1x1.1 0.87x0.87x0.9
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Protocol 1 Protocol 2

Error reduction:
Hippocampus: 5% —3% (n.s.)
Caudate: 6% —3%
Deep white matter: 10%—6%

[Ravano et al., ISMRM 2022] [Ravano et al., sub.]
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Stroke infarct core location with heterogeneous diffusion data
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Diffusion imaging - sensitive to
water diffusion direction in tissue
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Diffusion protocol heterogeneity effects
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Diffusion protocol heterogeneity effects

1 patient,
14 different acquisition schemes

per-voxel percent agreement
between schemes

[Rafael-Patino et al., ISMRM 2022]

29 patients: Jaccard
coefficient ~ 50%
(range 5%-85%)

low agreement on
Infarct core location



Federated learning with heterogeneous data

Perfusion-based stroke segmentation across multiple hardware vendors

Federated average’

Initialize Wg
for each round t =1,2,... do
Send W¢ to each client
for each client K =1,2,..., K do
wg,, + ClientUpdate(k, W)
end for
Wa % Zle f(ne)wii
end for

[Otalora, Rafael-Patino et al, sub.] '[McMahan et al., AISTATS 2017] B-weighting [Cui et al CVPR 2019]
Many other approaches like SCAFFOLD [Karimireddy et al ICML 2020], FED-ROD [Chen et al ICLR 2022], FEDYOGI [Reddi et al ICLR 2021]... Dr S. Otalora  Dr R. McKinley
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Perfusion-based stroke segmentation across multiple hardware vendors
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Initialize Wg 29 57 13 2
for each round t =1,2,... do

Send W to each client

for each client k =1,2,..., K do N=112 (94 TR, 18 TE)
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Wrap-up and take-home points

Heterogeneous medical imaging data...

severely increases biomarker variability for
all applications

IS a fact of life for real clinical data, also
within single hospitals

can be tamed in a centralised fashion,
although unpaired approaches are more difficult

can also be tamed in a federated setting using
generic ML approaches, although much work
remains

IS a real test of model generalisation ability
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