We create synthetic resections on

normal brains so that manual
labels are not needed for training
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Synthetic resections

Introduction Experimental design

Figure 1: Adding simplex noise to a sphere. Left: a sphere is modelled as a geodesic polyhedron
and represented as set of vertices and edges; middle: simplex noise is computed at every

® Drug'reSiSta nt epilepsy Can be Cu red With Data vertex (here in the whole volume for visualisation purposes) and they are displaced radially and
proportionally to the noise; right: ‘noisy sphere’ after non-linear transformation.
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We open-sourced the implementation in https://github.com/fepegar/unet ° The Synthetic reseCted image X iS a convex
We open-sourced the library in https://github.com/fepegar/torchio r

combination of f and x:

Figure 4: Dice score results training with only synthetic data and testing on the 133 real scans
with manual labels. The boxes indicate the first, second and third quartiles. Whiskers
represent the first quartile minus 1.5 times the interquartile range and the third quartile plus
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1.5 times the interquartile range. The model trained with the smallest datasets performed D I Scu SS I o n

x =afpt(l—-a)x

notably worse.

e Manual labels are not needed to segment
the brain cavity if models are trained with
synthetic resections and large datasets

e Performance might be improved using the

u n I a be I I ed rea I d ata fo r Figure 3: The resected image x is an alpha-blending of the preoperative image x and an image

B representing CSF values. From left to right: resected image x , blurred resection mask a, CSF
volume p, inversion of the blurred resection mask (1 - a), and original image x.

weakly-supervised learning

Worst Median

Best e We will fine-tune our models on real data
Figure 5: Qualitative results of the model trained on synthetic data with the highest median . . . . e OF 0] £
Dice score after testing on the real dataset. Left: worst case (Dice score 0.00); middle: median a nd | nveSt|gate | nte - rater varia b| I |ty &H"t-:! () @fepegar
case (Dice score 0.81); right: best case (Dice score 0.93). Green: manual labels; magenta: model 3% -c*.‘.?. W @fepegar
prediction. Note that the model missed the temporal lesionectomy in the worst case. [=] 8L -
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