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Summary

We propose a novel framework for WSI analysis, which leverages a
heterogeneous graph to learn the inter-relationships among di�erent
types of nodes and edges.
We propose a graph aggregation algorithm which incorporate node
and edge attributes in a heterogeneous graph, together with a
pseudo-label pooling algorithm.
We adopt a localization method based on Granger causality which
shown improved performance.
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Digital Histopathology

In digital pathology, whole-slide scanners are used to digitize glass
slides containing tissue specimens into whole-slide images (WSI) at
high resolution (up to 160nm per pixel).

It's time-consuming and tedious for pathologists to manually inspect
a WSI due to the huge size (e.g., the usual size is 60,000� 60,000)
and complex patterns.

Machine learning solutions are introduced to reduce the workload on
pathologists.

Recently the emergence of graph learning provides powerful solutions
to WSI analysis.
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Preliminary De�nition

Heterogeneous Graph: A heterogeneous graph is de�ned by a graph
G = ( V; E; A ; R), whereV; E; A represent the set of entities (vertices
or nodes), relations (edges), and entity types, respectively. AndR
represents the space of edge attributes. Forv 2 V , v is mapped to an
entity type by a function� (v) 2 A . An edgee = ( s; r ; t ) 2 E links
the source nodes and the target nodet , and r is mapped to an edge
attribute by a function� (e) = r 2 R . Every nodev has a
d-dimensional node featurex 2 X , whereX is the embedding space
of node features.

Granger Causality Granger [1969], Lin et al. [2021]: LetI be all the
available information andI � X be the information excluding variable
X . If we can make a better prediction ofY usingI than usingI � X ,
we conclude thatX Granger-causesY .
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Problem | WSI Classi�cation

WSI Classi�cation : Given a WSIX and a heterogeneous graphG
constructed fromX, we wish to predict the labely with a GNN modelM .
We also aim to assign an importance scoref (v) to each nodev 2 V in G
as the causal contribution of each patch to the prediction for localization.
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Contributions

We propose a novel framework for WSI analysis, which leverages a
heterogeneous graph to learn the inter-relationships among di�erent
types of nodes and edges.

The heterogeneous graph introduces a \nucleus-type" attribute to
each node, which can serve as an e�ective data structure for
modeling the structural interactions among the nuclei in the WSI.

To tackle the aggregation process in the heterogeneous graph, we
propose a novel heterogeneous-graph edge attribute transformer
(HEAT) architecture which can take advantage of the edge and node
heterogeneity. Thus, the diverse structural relations among di�erent
biological entities in the WSI can be incorporated to guide the GNN
for more accurate prediction.
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Contributions

Further, to obtain the graph-level representations for slide-level
prediction, we propose a semantic-consistent pooling mechanism |
pseudo-label (PL) pooling, which pools node features to graph level
based on clusters with a �xed de�nition (i.e., nucleus type). The
proposed PL pooling can regularize the graph pooling process by
distilling the context knowledge (i.e., pathological knowledge) from a
pretrained model to alleviate the over-parameterization issue [Balaji
et al., 2020].

Additionally, we propose a Granger causality [Granger, 1969] based
localization method to identify the potential regions of interest with
clinical relevance to provide more insights to pathologists and
promote the clinical usability of our approach.
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The Framework

Figure: The work
ow of our proposed framework
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