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Abstract Alzheimer’s disease (AD) is an irreversible neurodegenerative disease. The degeneration of brain tissue causes serious
cognitive problems and eventually leads to death. There are many clinical trials and research projects to study AD pathology and
produce some data for analysis. This paper focuses on the diagnosis of AD and the prediction of potential prognosis in combina-
tion with a variety of clinical features. In this paper,a multi-task disease progression model based on hierarchical attention mecha-
nism is proposed. The task of disease automatic diagnosis is regarded as the main task.and the task of disease prognosis is regar-
ded as the auxiliary task to improve the generalization ability of the model,and then improve the performance of disease automatic
diagnosis task. In this paper,two layers of attention mechanism are applied in the feature layer and the medical record layer re-
spectively,so that the model can pay different attention to different features and different medical records. The validation experi-
ment is carried out on ADNI (Alzheimer’s Disease Neuroimaging Initiative) dataset. Compared with several benchmark models,

the experimental results show that the proposed method has better performance and provides better robustness for clinical appli-

cation.
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Table 1 Experimental results of different models

Model Accuracy

RF 0.8554

SVM 0.8569

MLP 0.8703

RNN 0.8880

RNN-+attention 0.9028

MTHAM 0.9098
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