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Deep Learning-Based Speech Analytics System
for Stroke Risk Analysis in the Elderly
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Abstract

Cerebrovascular disease in the elderly has become an important disease in Korea, ranking second among
all causes of mortality. Stroke is a disease that needs to be managed and prevented at all times, and it is
important to visit a hospital within the golden time of 6 hours after the onset of stroke to receive
appropriate treatment. Therefore, it is important to determine the risk of stroke in advance, and it is
necessary to develop technology to support this. In this paper, we developed a system that determines
whether a person is at risk of stroke by learning features such as speech tone and intonation based on
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spoken data of stroke patients. MFCC and CNN methods were used for feature analysis and judgment

processing of spoken data, and a high accuracy of 97.9% was obtained as a result of performance

evaluation based on spoken clinical data. The abnormal symptom information is shared with patients and

managing clinicians as a alert service, which indicates the risk of stroke. In future research, we plan to

further learn and analyze data from various stroke patients at home and abroad, and to advance the

technology and commercialization of the stroke alert service platform.

Keyword : Stroke, Speech Analysis, Deep-learning, Alert Service, Disease Management Platform
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[Fig. 2] Stroke Risk Analysis System Block Diagram
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[Table 2] Test Result
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