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Fig.4 Clustering results and comparison of SpaMGCN on breast cancer dataset
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Fig.5 Calculation of distribution characteristics of breast cancer using Ripley's L function
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SpaMGCN: A Method for Identifying Spatial Domains Based on
Multi-View Graph Neural Networks

LIU Hexin', SHANG Wenjing',ZHAO Xiangyu',ZHENG Yifan',
ZHANG Jia*, FENG Zhenxing'
(1. College of Science, Inner Mongolia University of Technology, Hohhot 010051, China;
2. College of Life Sciences, Inner Mongolia University, Hohhot 010021, China)

Abstract:Spatial domain identification, a critical task in spatial transcriptomics, aims to accurately
delineate tissue regions by integrating gene expression profiles with spatial information. However, exist-
ing methods often fall short in capturing both local neighborhood and global structural features. To over-
come this limitation, we present SpaMGCN, a novel multi-view graph convolutional network approach
that leverages a dual-modality architecture to concurrently extract local and global features from gene ex-
pression correlations and spatial proximity. Evaluated across multiple public datasets, SpaMGCN achieves
fine-grained boundary delineation of complex tissue architectures, demonstrating superior performance
in spatial domain identification. This method offers an effective computational framework for elucidating
the spatial heterogeneity of biological tissues.

Key words: spatial transcriptomics; identifying spatial domain; multi-view graph neural network



