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Abstract : With the widespread application of cloud computing technology, the stability and reliability of cloud
platform task scheduling have become key factors affecting service quality. Abnormal task termination
may lead to resource waste, service interruption and other issues. However, traditional task termination
prediction models mostly suffer from poor interpretability, making it difficult to accurately locate the causes
of termination. This paper proposes a cloud platform task termination state analysis method based on
SHAP (SHapley Additive exPlanations). A LightGBM task termination prediction model is constructed,
and the SHAP values are used to explain the model's prediction results. Firstly, the cloud platform task
operation data are collected, and the task features, resource features and environmental features are
extracted. Secondly, the prediction model is trained, and the SHAP values are used to quantify the impact
of each feature on task termination. Finally, experiments are conducted to verify the effectiveness of the
method. The research results show that this method can not only achieve high prediction accuracy of task
termination, but also clearly reveal the key influencing features and their action mechanisms, providing a
reliable basis for cloud platform task scheduling optimization and fault early warning.
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