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Abstract: Early diagnosis of dementia is critical for timely treatment and intervention. Alzheimer’s
Disease(AD) classification is an effective method on identifying AD at its early stage. In this paper, a feature
selection method using improved Gauss fuzzy logic is proposed. Firstly, the normalized feature importance
scores are calculated utilizing mutual information and variance analysis respectively. Then the final feature
importance score is obtained by using improved Gauss fuzzy logic. At last, the features for AD classification are
selected in accordance with the feature importance score. Furthermore, the heterogeneous ensemble classifier is
constructed to classify AD patient utilizing selected features, which using logistic regression, random forest,
LightGBM, support vector machine and depth feedforward network as primary classifier and multinomial naive
Bayes classifier as secondary classifier. The proposed AD classification method is evaluated on the TADPOLE
dataset. The experimental results show that the proposed feature selection method is effective and the
integrated classifier based on Bayesian fusion is better than other conventional classification model on AD
classification using the proposed feature selection method.
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ADZRIIRHIE. 1 %6 LD 15 D2 AN AR R £
P, ARRF DR (IEH /AD:453/628)1E NI
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120. FFH RIS 2 LRI ratioB . RFI
n_estimatorsflmax depthZ#{. SVMHKICHI
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o B RaBHRSEINE NG
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s FHEAE FHEVE FHEE PP
1 Hippocampus 5 4A (hippocampus ) A F1 0.0437339
2 ST29SV ¥ 44 (left hippocampus) A 0.0423217
3 ST88SV i3 54K (right hippocampus) fAFHR 0.0410883
4 Entorhinal PIIEL R J2 (entorhinal ) fA 1 0.0375120
5 MidTemp FR i (Midtemp) & F7 0.0304293
6 ST123CV HAAR 52 SCIX 3 (B 43 ) 1A 0.0302178
7 ST64CV e & SCXIF (B2 J2 43 B AR 0.0300861
8 ST24CV FE IR 2 (left, entorhinal ) fAFHR 0.0296456
9 ST12SV TN (left amygdala){f&F: 0.0286703
10 ST40CV e (left middle temporal )RR 0.0281707
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NBfi& 5% N, ACC, RECH FLor HUBE vk 35 /2 56
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SBMTELHLR, RF, SVM, LGB, DFN/y2%8,
Multinomial NB#l & 57 5 4 il 73 2K 28 5 HoAth 55 4>
KRR % (PRE) EAN R4 AE S & & LL I 0
WRIA 7> R HACAEE, SN2 ZER N
2%, HAEF1EMAUC EAX 5 HAb 5 Fi AL 585y
RBBHEBRAME, XU Multinomial NBEE & 57
R AR ), HAEAFIRESR SR
ADZr KRS ER THLEMLR, RF, SVM,
LGB, DFN/323%,
4.2.4 FFEEEM DG ET LI

WrapperiE flEmbeddedik 5 5 43 2R 88 A0 %,
FH R AE 32 B 19 43 2K 2% 5 4 24 1 23 25 28 AH [F)
i, BRI B RO R, R 2.2 AT iA ek
e SRR 38 AR R AR R R 5 R 5 A LRFILG By
%%, Wrapper-LRFEmbedded-LRAFAE 1% £ 77
HERIY R G5 ETR 2488, Wrapper-LGBFIEmbed-
ded-LGBHRHIEZERE 7152 73 3 45 A LGB J 28 34T
X B s, SEuGEE A ES TR .
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0.98 0.94
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LRAMMEELR KA. Ht, ASCHrHsu &
o BB 3 B R IR S B T VE BRI T Wrapper
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%2 HABMEEREN

e PIGRPT A B 18] ()
LR 0.0468
RF 0.6396
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