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Koh Takeuchi, Ryo Nishida, Hisashi Kashima, Masaki Onishi. ” Causal Effect Estimation on Hierarchical Spatial Graph Data. ”
In Proceedings of the 29th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining (KDD), 2023.
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Figure 7: Performance comparisons on the mean of RMSE
per timestamp. The existing method had a large prediction
error from 200 to 800 seconds, when congestion is most likely
to occur, but SINet was able to significantly reduce the error.
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Figure 8: Performance comparisons on the average RMSE for
the number of agents. The errors of the existing methods
increased as the number of agents gain ET
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We show the outcomes (dash lines) and predictions (solid lines) for
the same covariates but different guide plans

SINet showed more better predictions than other baselines
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