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Research on missing health data prediction based on external knowledge
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Abstract: In the era of big data, a large amount of health data has been accumulated worldwide. However, due to the factors such
as heterogeneity and privacy concerns, the phenomenon of missing data in population health data is quite severe. To solve this
problem, a missing health data prediction model based on external knowledge, named Convolutional Neural Network—Conditional
Generative Adversarial Network (CNN—-CGAN) , is proposed. This model incorporates external knowledge, utilizes Convolutional
Neural Networks (CNN) for feature extraction, employs the Convolutional Block Attention Module (CBAM) attention mechanism
to explore the correlations among data, and modifies the loss function of the Conditional Generative Adversarial Network ( CGAN)
to maximize the utilization of external knowledge and assist the model in predicting missing data with small samples. Comparative
experiments were conducted on real datasets, and the results demonstrate that the CNN—-CGAN model exhibits significantly lower
Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) compared to other baseline methods. Therefore, the model is
effective in predicting missing health data by incorporating external knowledge.
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Fig. 1 Description of completion and prediction process
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