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An Interpretable Primary Headache Auxiliary Diagnostic Model Driven
by Knowledge and Data Fusion
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Abstract: Primary headache is a common chronic disease in neurology, and the diagnostic process relies on symptom feature recognition and
clinical experience. The International Classification of Headache Diseases, 3rd edition ICHD-3, provides criteria for the diagnosis of head-
aches, but many entries are qualitative descriptions with unclear boundaries, making it difficult to model directly. Traditional machine learn-
ing is difficult to simultaneously process clinical rules and complex features; Although deep learning can improve classification performance,
its interpretability is insufficient and its clinical use is limited. To this end, a knowledge and data fusion driven interpretable primary headache
auxiliary diagnosis model is proposed. Firstly, the model consists of two parts: hierarchical fuzzy logic and KAN network: interpretable map-
ping of ICHD-3 standard using fuzzy rules; Efficiently modeling the nonlinear relationship between multidimensional symptom features
through the function approximation ability of KAN network. Secondly, the SHAP method is introduced to analyze the importance of model fea-
tures and optimize the learning process of diagnosing key variables. Finally, embedding medical rule knowledge into the deep learning training
process enables collaborative optimization and dynamic weight adjustment of diagnostic rules and data—driven approaches. The experiment
shows that the proposed fusion model outperforms the comparison method in terms of accuracy (0.958 4), sensitivity (0.951 3), specificity

(0.961 8), and Kappa value (0.888 1), demonstrating superior diagnostic performance. The visualization analysis of the model structure and
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reasoning process shows that the model has excellent clinical interpretability and strong practical value and promotion prospects.

Key Words: primary headache; explainable artificial intelligence; hierarchical fuzzy logic; Kolmogorov—Arnold network; knowledge—data

fusion
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Table 1 De-identified original sample data
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