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=Summary .

® Tumor growth usually modeled from diffusion equations (bottom up), we try to
model it solely from image statistics (top down).

Growth Shrinkage Multiple Foci

Present

® Probabilistic segmentation architecture [1] to predict distribution of possible
tumor appearances from two previous MRI scans

Doesn’t require explicit growth model
Qualitatively realistic growth patterns

Future

Can sample many hypotheses

Open Source implementation https://github.com/jenspetersen/probabilistic-unet b)

Needs lots of data
Can’t represent spatial variations or multiple foci

Timesteps required to be equidistant

Introduction

Existing approaches usually model tumor growth using diffusion equations, evolving an
initial density bottom-up. In contrast, we try to model it top-down by observing many
real growth trajectories. The underlying hypothesis of our approach is that tumor
growth is at least in part stochastic so that it’s not possible to predict a single correct
growth trajectory in time from image data alone. Hence, our aim is to model a distribu- 120
tion of possible changes of a tumor given the current and one previous observation.

Method

We represent tumors in segmentation space and use a Probabilistic U-Net [1] to model dis-
tributions of possible future tumor appearances, meaning our network sees MR scans from 20 0 +20
two consecutive time points and predicts tumor segmentations for the next. Our dataset Latent Dimension 2
consists of 199 scans from 38 patients with glioma/glioblastoma. The dataset is of course

far too small to represent all possible variations, this is just a proof of concept. —Res u Its
[1] Kohl et al., “A Probabilistic U-Net for Segmentation of Ambiguous Images”, NeurlPS 2018
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