ldentification of clinically relevant spatial phenotypes in large-scale multiplex Abstract #1977
Immunofluorescence data via unsupervised graph learning in non-small cell lung cancer

STUDY BACKGROUND MULTIPLEX
« Multiplex immunofluorescence (mIF?) allows simultaneous spatial interrogation of multiple cell- and tissue-based biomarkers from patient cohorts at I M M U N O FLU O R ESCE N CE

scale using whole-slide images (WSI).

The study of the spatial relationships between cells is of increasing importance in immuno-oncology. For instance, spatial analyses could inform the
effects of a cancer treatment on the tumor immune microenvironment. However, the identification of spatially-derived insights is limited by
conventional approaches that reduce spatial data into human-derived feature sets (e.g., nearest neighbor), necessitating new methods for surveying

Figure 1. Example multiplex immunofluorescence
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merged overlay are depicted. Fluorophores used are as
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Figure 2. Study workflow. From left to right: Cells are segmented from images and used for graph construction. An
unsupervised GNN learned to identify characteristic spatial phenotypes defined by these features and the spatial miIE marker
arrangement of cells. Finally, relative spatial phenotype abundance was used to stratify patients into groups.
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U <ed orati £ St q Figure 5. Patient stratification based on GNN tissue phenotypes shows interpretable differences
nsupervised exploration of tissue organization an in gene expression.
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Figure 3. GNN-based identification of spatial latent GNN node representations revealed three

phenotypes in NSCLC. Example mIF images (top), mIF distinct groups, termed spatial phenotypes, which
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(bottom) identified in an NSCLC specimen. Spatial
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