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Abstract Temporal health event prediction remains a fundamental challenge in medical Al. To address the critical problem of
modeling complex medication-diagnosis relationships in EHR data this paper propose the DHMP model. Firstly,a dynamic sub-
graph learning mechanism captures local di-sease progression patterns. Secondly,a novel multi-hypergraph fusion architecture
jointly models drug interactions and diagnosis associations. Finally,a temporal attention algorithm deciphering long-term depen-
dencies in clinical records. Extensive experiments on MIMIC-III and MIMIC-1V datasets demonstrate that DHMP model has
state-of-the-art performance,achieving 26. 68% w-F1 in diagnosis prediction and 90. 65% AUC in risk prediction. Clinical evalua-
tion shows 89% consistency between model predictions and medical expertise,proving its reliability for decision support.
Keywords Dynamic subgraph learning, Graph neural network, Drug interaction, Temporal health event prediction, Clinical deci-

sion support
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Table 7 Analysis of SHAP values for prediction of heart failure
(SHAP|=0.1)
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Table 8 Treatment effect of a single visit
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