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Background TNS-BO Method

We propose the Temporal Necessity-Sufficient Bayesian Optimization
(TNS-BO) method that identifies factual (sufficient) and counterfactual
(necessary) subgraphs through a Bayesian Optimization search.

e Temporal graphs change in structure or features over time.
e Temporal Graph Neural Networks (TGNNs) are designed to
process dynamic data like temporal graphs.

e Applications of TGNNs: evolving user recommendations, 1. Build 2. Create Event 3. Find Spatial and
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e |tis hard to trust the prediction of a TGNN unless it can
identify the sequence of events that caused its decision.
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r : : N N . ™ e TNS-BO with NSBias outperforms GLoSS-T [1], QIEA-TGX [2],
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