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Detection of Alzheimer’ s Disease Based on dVAE-BERT Model
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Abstract:  Alzheimer’ s disease (AD) is a neurodegenerative disease that causes symptoms such as aphasia and de-
creased speech fluency. Researchers have used articulatory features, paralinguistic features such as fluency and pauses, or
features extracted from transcribed text to detect Alzheimer’ s disease. However, traditional acoustic feature detection meth-
ods are difficult to obtain semantic information, while transcribing speech into text is time-consuming and laborious, and
the quality of transcription is significantly degraded due to the effects of accent and disease in the elderly. In this paper, we
propose a dVAE-BERT (discrete Variational Autoencoders-Bidirectional Encoder Representations from Transformers) mod-
el, which uses discrete Variational Autoencoders (dVAE) to convert speech into pseudo-phoneme sequences, and then uses
the Bidirectional Encoder Representations from Transformers (BERT) model to model the connection relations of the pseu-
do-phoneme sequences to extract the representation of audio in the language dimension. The accuracy of the model on the
ADReSSo (Alzheimer’ s Dementia Recognition through Spontaneous Speech only) dataset is 70.42%, which is 5.63% better
than the baseline system, and its accuracy is 76.06% and 71.83% after fusion with Wav2vec2.0 and Hidden-unit BERT (Hu-
BERT) models, respectively.
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