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Abstract

As a complex and critical mechanical equipment, the health status of aircraft engines directly affects
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flight safety and operational efficiency. Given the limitations of current health status monitoring
technologies in terms of interpretability and accuracy, this paper proposes an interpretable artifi-
cial intelligence analysis framework based on Shapley values. This framework reveals the funda-
mental cause of engine health decline by analyzing the prediction results of machine learning mod-
els. Firstly, the Shapley value analysis method was used to evaluate the marginal contribution of
each sensor data feature, identifying the key factors affecting the health of aircraft engines and their
degradation paths. Next, the HDBSCAN clustering algorithm is applied to identify engines with po-
tential fault risks. Finally, SkopeRules is used to extract a set of rules from clustering that are easy
to understand and highly accurate, as an alternative to complex model decision-making, enhancing
the transparency and reliability of the model output results. The experimental results indicate that
the framework can reveal the evolutionary path of health decline in aircraft engines, providing re-
liable theoretical support for achieving precise maintenance.
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Figure 1. Explainable artificial intelligence analysis framework
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Figure 2. Schematic diagram of a turbofan engine
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Table 2. Evaluation metrics for M1 and M2 models
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Figure 3. Shapley value distribution based on the M1 model
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Figure 4. Shapley value distribution based on the M2 model
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Figure 5. Clustering of engine health status using dimensionality reduction of original features
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Figure 6. Clustering of engine health status based on dimensionality reduction using Shapley values
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Figure 7. Box plot of remaining useful life for subgroups of engine health status
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Table 7. Rule descriptions for engine health status
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