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An overview of the proposed EgoNetGNNmodel to learn exposure mapping function for peer effect estimation
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Homogeneous exposure mapping based on fraction
of treated peers

® TNet (Chen et al., ICML 24)

® NetEstimator (Jiang and Sun, CIKM’22)

EgoNetGNN improves the estimation of peer effects compared to state-of-the-art baselines by learning an

Structural diversity of
treated peers (connected

components) exposure mapping function that captures unknown underlying peer influence mechanisms accounting for peer

treatments, unknown edge weights and neighborhood structure.
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