Learning to Represent Whole Slide Images by Selecting Cell Graphs of Patches
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MOTIVATION

Advances in multiplex biomarker imaging systems have enabled the
study of complex spatial biology within the tumor microenvironment.
Yet, access to big datasets of such slides with accompanying clinical
data is often limited. Moreover, in practice, only some regions of
Interest (Rols) are available at high resolution.

EXPERIMENTAL SETUP
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Here, we focus on datasets with few images and without labels and aim =
to learn representations for slides, which are described by L.u Ve
cell-graphs[1] of Rols. We choose a task of patient identification that & = <[+~

leads our new model to select Rols with discriminative properties and .f - [+
infer patient-specific features that can be used later for any task via
transfer learning.

Figure 2: Samples from the different graph distributions

We split the set of patches for each patient into three equal parts for training/validation/testing by keeping the number of
different discriminative patches similar for each subset.

During the pre-training, we experimented with different aggregation functions, and different architectures. For the graph
sampling module, we tried using the approximation of categorical sampling variable (gumbel-softmax, soft) as well as the
real one-hot version (gumbel-softmax, hard).

We used the validation set to determine these hyperparameters and design choices.

RESULTS

Table 2: The quantitative results for different experimental setups

PROPOSED METHOD

We construct cell graphs for each ROI, where each cell corresponds to a node and edges are determined by thresholding
the spatial distance between cell locations. The initial cell feature is one-hot encoded phenotype. We embed each cell graph
by applying successive layers of GraphSAGE[2] and DiffPool[3], which allows us to consider multi-hop relationship of each
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