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Auxiliary diagnosis of Alzheimer's disease based on feature extraction

LIU Xi, WANG Yu, FU Changyang, XIAO Hongbing, XING Suxia

School of Computer and Information Engineering, Beijing Technology and Business University, Beijing 100048, China

Abstract: Alzheimer's disease (AD) is a brain neuropathy which is common among the aged. The pathogenesis of AD has not been
known so far, and it is difficult to diagnose in the early stage of disease development. With the vigorous development of computers
and artificial technologies, using magnetic resonance imaging (MRI) and machine learning methods to assist the diagnosis of AD
has continuously made some new achievements. Herein a new method based on support vector machine-recursive feature
elimination (SVM-RFE) and linear discriminant analysis (LDA) for the auxiliary diagnosis of AD is proposed. Firstly, the MRI
images are preprocessed to obtain the gray matter volumes of 90 brain regions. Then the method combining SVM-RFE and LDA
is used to select the significant features of the above gray matter volumes, and finally, the selected features are classified by SVM.
By analyzing the MRI images of 34 patients with AD, 26 patients with subjective memory complaints (SMC) and 50 normal controls
(NC) from ADNI database, the average classification accuracies of AD/NC, AD/SMC and NC/SMC reach 94.0%, 100.0% and
93.6%, respectively. The experimental results show that the proposed method can effectively extract features and assist doctors
in the diagnosis of AD.
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Fig.1 Diagram of image preprocessing
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Tab.1 Experimental parameters

vieS RSB v S8
AD/NC SVM-RFE N:[4,62,14,7,15,3,9,9,4,8],cost:[1,1,0.3,0.4,0.7,1,1,0.8,1,0.7],gamma="auto’
LDA cost: [1,1,1,1,1,1,1,1,1,1],gamma="auto’
SVM-RFE 1 LDA N:[2,18,50,23,11,2,10,13,4,83],cost: [1,1,1,0.7,0.2,1,1,1,1,1],gamma="auto’
PCAI K:[28,4,4,4,4,1,8,8,4,4],cost: [1,1,0.9,0.2,1,1,1,1,1,0.2],gamma="auto’
PCA-LDALII K:[67,4,31,8,35,8,8,6,18,52] cost:[1,1,1,0.4,1,1,1,1,0.5,0.7],gamma="auto’
AD/SMC SVM-RFE N:[4,13,3,18,3,19,3,18,1,5],cost:[1,1,0.6,1,1,1,1,1,1,1],gamma="auto’
LDA Cost:[1,1,1,1,1,1,1,1,1,1],gamma="auto’
SVM-RFE #1LDA N:[40,11,9,40,2,13,88,13,1,37],cost:[1,1,1,0.2,1,1,0.4,1,1,1],gamma="auto’
PCALI K:[3,4,3,4,8,10,27,13,3,5],cost:[1,1,1,1,1,1,1,1,0.2,0.6],gamma="auto’
PCA-LDAI K:[3,7,3,4,8,33,26,8,5,26],cost:[1,1,1,1,1,0.1,1,1,1,1],gamma="auto’
NC/SMC SVM-RFE N:[10,63,27,1,51,1,16,35,1,1],cost:[1,0.5,1,1,0.7,1,1,1,1,1],gamma="auto’
LDA cost:[1,1,1,1,0.6,1,0.8,1,1,1],gamma="auto’

SVM-RFE F1 LDA
PCA!

PCA-LDAIM

N:[76,49,68,39,51,72,22,56,40,57],cost:[1,1,1,1,0.3,1,1,1,1,1],gamma="auto’
K:[10,12,16,1,41,1,8,33,8,1],cost:[1,0.4,1,1,0.6,1,1,1,1,1],gamma="auto’

K:[62,6,7,30,59,49,7,12,12,37] cost:[1,0.5,1,0.6,0.1,1,1,1,1,1],gamma="auto’

SHANER LR, LR MR 2R, R 2P ik 4
F5 SCHK [ 7 R0 SCrik [ 23 ] R Fh 4 F 08 B8 580 16 A5 10 25
B ATHIERH SVM-RFE i LDA 454 8% 3,

K15 PCAREYE 5 HAR 1) 4l %

2 STEHERIE AR 5 KL R (%)

Tab.2 Classification results of 5 feature extraction algorithms (%)

AD/NC AD/SMC NC/SMC

FFIEHIOT I — — —

1047 RACE R 1087 RMGE RS 05 RAEE R
PCARI 82.2 66.7 100.0 92.0 71.4 100.0 80.5 62.5 87.5
PCA-LDAIM 92.8 75.0 100.0 95.1 80.0 100.0 87.1 75.0 100.0
SVM-RFE 89.3 77.8 100.0 90.9 71.4 100.0 78.0 62.6 100.0
LDA 70.0 62.5 77.8 77.5 40.0 100.0 69.6 50.0 87.5
SVM-RFE #1 LDA 94.0 87.5 100.0 100.0 100.0 100.0 93.6 87.5 100.0

i 2 2 AU SE B 45 SR n DL, AR SCE 7 AD/
NC . AD/SMC Fil SMC/NC - #4 45 25 ¥ 1 % 4% 51 Hy
94.0% .100.0% #11 93.6% , iIE HH T A SCE92: (194 #ohk:
FEEHAET 75 LDA SRR IA SVM-RFE A] LIA
ROk LDA ST LA, 75 RFE 33 72 5 14 11 LDA fig fifi 4

R HA 2 T3 26 70 J6 . Tl AR SCE Fx 1e
B 19 10 1 52 SRR TR 3R d3 R AL 5 5 L A BRLAS
SOOI T e ) VRS SRR X BT A ) 5 s M AR
PR T ASCR R LA
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