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Prediction of clinical variables in Alzheimer’s disease
using brain connective networks

LU Zixiang,TU Liyang,ZU Chen,ZHANG Daoqgiang

(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract ; Brain functional connectivity networks have been widely used for diagnosing brain diseases. However, a
traditional brain network based on classification methods cannot assess the stage or predict the development of the
disease. Recent studies show that the values of the clinical variables of brain disease can effectively help doctors
evaluate the disease. In this study, a novel brain-connectivity-network-based method was proposed for estimating the
values of the clinical variables of Alzheimer’s disease. First, the functional connectivity network was extracted from
the brain images. Then, LASSO , which is a regression analysis method, was adopted for feature selection and
elimination of redundant features; the clustering coefficients and edge weights of the network were fused as features.
Finally, support vector machine regression was used to predict the values of the clinical variables. The proposed
method was validated on the ADNI dataset, and the experimental results demonstrate that the proposed method can
accurately predict the values of clinical variables and verify the effectiveness of the fusion of multiple features.

Keywords: brain function; feature selection; feature extraction; feature fusion; network analysis; regression

analysis; Alzheimer’s disease; medical image
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Table 1 Demographic information of the subjects

AD NC EMCI LMCI
FEAREL/ A 20 40 45 34
B/ 9/11 18/22 20/25 20/14
SEWS/ % 75.7+6.8  75.6£6.4  72.2+6.9 72.8+7.2
MMSE
. 21.0+3.5 28.4+1.7 27.5«1.7 26.7+£2.3
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Fig.1 The framework of the proposed method
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Fig.2 The correlation coefficient of the competing methods
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Table 2 Regression performances of the competing methods

ik AD vs. NC AD vs. MCI MCI vs. NC EMCI vs. LMCI
b
cC RMSE cC RMSE cC RMSE cC RMSE
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Fig.3 Scatter plots and the respective correlation coefficients obtained by the competing methods
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