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Uncovering Latent Hierarchical Structures in Metapopulations
via Graph Pooling
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Abstract

Recent studies on Graph Neural Networks (GNNs) have been actively focused on representing individual node-level
interactions. However, few studies have addressed the influence of higher-level metapopulation structures beyond these
local interactions from a macroscopic perspective. To bridge this gap and examine the latent interpretability of graph
pooling layer itself, this study applies a hierarchical graph pooling technique to a GNN model, utilizing user activity
time series data at the individual Point-of-Interest (POI) level in Seoul. The results demonstrate that intermediate
supernodes of POI-level time series data reflect functional similarity, while higher-level supernodes represent
coarse-grained temporal patterns. This suggests that graph pooling layers have the potential to reconstruct and capture
the hierarchical characteristics of metapopulations inherent in the data without pre-defined standards. We expect this
study to facilitate the application of graph pooling approaches to various domains and downstream tasks, enhancing
the interpretability of spatiotemporal GNN models.
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Table 1. Basic statistics of the preprocessed Foursquare
dataset

Category Number of cases
Users 1,699
Check-ins 88,971
PQOls 38
POl meta classification 8
Time stamp 168
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