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Abstract

Alzheimer’s disease (AD) is a disease that causes memory loss and slow and gradual variation in
brain function as a manifestation of intellectual loss. Early diagnosis and prediction of AD can delay
the onset of the disease, potentially prolong the life span of patients, and is of great scientific impor-
tance to society as a whole. In this paper, we analyzed and modeled AD data by machine learning,
added brain feature indicators, preprocessed data, and used SVM with pairwise classification me-
thod to achieve intelligent diagnosis of AD. The accuracy of the five classifications obtained by SVM
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reaches 0.71, which is higher than 0.69 of random forest and 0.706 of XGBoost boosted tree. The ac-
curacy of the ROC curve is 64% for CN, 80% for AD, 68% for LMCI, 58% for SMC, and 76% for EMCI,
which is a good test result. By extracting and discovering the key symptoms affecting the diagnosis
and prediction of AD, and classifying the patient categories, we can effectively and quickly obtain
early diagnosis and predict the probability of AD, so as to achieve an effective means of preventing
AD. The SVM based on pairwise classification method enables intelligent diagnosis of AD and can be
extended to more multi-categorical problems.
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Figure 1. Binary classification support vector machine
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weighted avg 0.63 0.71 0.65
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Some extension of Receiver operating characteristic to multi-class
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Figure 2. ROC curve
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Figure 3. Model evaluation score
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Figure 4. Population clustering chart
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