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Abstract: Alzheimer's disease (AD) is a degenerative disease of nervous system development with insidious onset. Using magnetic

resonance imaging (MRI) and computer technology for the assisted diagnosis of AD patients is a new topic which is gradually

impairment, and 117 normal controls show that machine learning can effectively assist the diagnosis of brain diseases in AD
machine learning

patient. Compared with principal component analysis, KPCA algorithm is more complete for the feature extraction and more
accurate for the classification. Using the proposed method in AD diagnosis can obtain more robust assisted diagnosis results.

explored at present. Preprocessing and correlation analysis on MRI image are firstly performed. Then kernel principal component
Keywords: Alzheimer's disease; structural magnetic resonance imaging; kernel principal component analysis; feature extraction;

analysis (KPCA) is used to extract features of brain gray matter images. Then the extracted features are classified with Adaboost

algorithm, and the result was compared with that classified by principal component analysis. Experimental results in AD

Neuroimaging Initiative Database which contains brain structural MRI images of 116 AD patients, 116 patients with mild cognitive
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Tab.1 Statistical information of subjects

Group n Male/female Agelyears
AD 116 64/52 75.36+7.65
MCI 116 64/52 75.05+7.81
NC 117 62/55 75.42+6.59

AD: Alzheimer's disease; MCI: Mild cognitive impairment; NC:

Normal control
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Tab.2 Comparison results (%)

Methods Parameter AD vs NC AD vs MCI NC vs MCI

PCA-+Adaboost Accuracy 77.40 75.00 74.56
Sensitive 76.56 73.77 76.14
Specificity 78.37 76.36 73.17

KPCA-+Adaboost Accuracy 84.12 82.75 80.25
Sensitive 80.62 80.64 79.83
Specificity 88.46 85.18 80.70

PCA: Principal component analysis; KPCA: Kernel principal component analysis
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