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multi-model fusion strategy. The method incorporates an adaptive weight adjustment mechanism that dynamically op-
timizes the weights of linear regression, random forest, and long short-term memory(LSTM) models by combining
historical performance with time decay factors. Additionally, it employs a context-aware switching logic triggered by
market volatility, extreme weather, or policy events to dynamically adjust model weights in response to sudden sce-
narios. A meta-learner optimization strategy using gradient boosting decision tree(GBDT) integrates the predictions of
base models with market features to improve robustness in complex scenarios. Experimental results demonstrate that
the hybrid model outperforms individual models across key metrics, including mean square error(MSE) of 21.3, mean
absolute error(MAE) of 3.1, and R? of 0.89. The adaptive weighting mechanism contributes to a 10% performance im-
provement, while context-aware switching further reduces errors by 5%. In extreme scenarios such as daily price vola-
tility exceeding 20%, prolonged high temperatures, or sudden policy changes, the model significantly mitigates errors
through dynamic weight adjustments. The hybrid model not only enhances returns but also reduces risks. This method
provides a scientific risk management tool for electricity markets, enhancing market stability and economic efficiency.
It holds potential for extension to financial risk assessment domains and future exploration in federated learning, real-
time optimization, and rule automation.

Key words: clectricity trading risk assessment, machine learning, linear regression, random forest, LSTM network
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