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[ Abstract)

characterized by mild decline in cognitive function. Due to the mild nature of its symptoms, many MCI cases miss the

Mild cognitive impairment (MCI) is often regarded as a prodromal stage of dementia, primarily

opportunity for intervention. Research indicates that linguistic changes in MCI may precede other cognitive symptoms,
providing an opportunity for early identification and intervention. These linguistic changes include abnormalities in speech
rate, pronunciation, and intonation. Speech repetition tasks, such as the five-word test, delayed digit matching, and
sentence repetition tests, are effective methods for assessing the speech characteristics of MCI patients. These tasks
involve asking patients to repeat specific content, and analyzing the accuracy of their repetitions to assess their speech
function. The application of machine learning and deep learning techniques enables automatic extraction of MCl-related
features from speech data, improving diagnostic accuracy. The combined application of these techniques contributes to the
early detection of MCI, providing a basis for timely intervention.
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Tab.2 Summary of commonly used algorithm models in cognitive impairment detection
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