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Method on Alzheimer’ s disease prediction based on joint decision-making
utilizing dual priority prediction hierarchical model

Pu Xiujuan"?>  Ren Qing' Han Liang""?>  Tan Yunfan' Liu Yuan'
(1. School of Microelectronics and Communication Engineering, Chongging University, Chongqing 401331, China;
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Abstract: Accurately predicting Alzheimer’ s disease( AD) progression is crucial for timely treatment and intervention before advanced
stage of AD. In this paper, a method on AD prediction based on joint decision-making utilizing dual priority prediction hierarchical
model is proposed, which converts the three category prediction problem on AD, mild cognitive impairment( MCI) and normal cognitive
(NC) into two levels of two category prediction problem. Firstly, the statistical features are extracted from the time series data of
magnetic resonance imaging( MRT) and cognitive scores (CSs), which is obtained from individual historical follow-up, and the high-
importance MRI volume statistical features are selected using the cumulative weighted embedded feature selection method. Then, both
the NC priority prediction hierarchical model and the AD priority prediction hierarchical model are constructed. Using the selected high-
importance MRI volume statistical features and CSs statistical features, these two hierarchical models are used to achieve AD/MCI/NC
three category prediction. The NC and AD individuals are first predicted, and finally the MCI individuals are determined. The proposed
AD prediction method is evaluated on the TADPOLE dataset. The accuracy ( ACC) and macro average of F| score of the proposed AD
prediction method are 89.29% and 88. 81% , respectively. The experimental results show that the proposed method is effective and better
than conventional AD prediction method.
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Fig. 1 Overall framework of AD prediction method using joint decision-making utilizing Dual-PPHM

1.1 SEiT4SEIREX
AD BB REE IS A i R FR 2 & A B B AR 4k MRI &

R C R 2 s 0 FH T AD W0 52 W7, IAFIRE )
K2 AD S fet i A S R 2 — , CSs S Al i A



- 18 - LSRR R e o

539 &

BT TR B S48 bR, R, AX S $E MRI A CSs B Fh
FEZSHFAE (4 15 8] PP 500 5004 T AD F5, 42 55 120 Fb
MRI AFRRAE AT 10 Ff CSs 45-1E, I3 1 F1 2 Fis

%1 MRI {KFR4HE
Table 1 MRI volume features
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Fig.3 Gaussian naive Bayes fusion

heterogeneous integration classifier
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Table 4 Experimental data from the TADPOLE dataset
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Fig.4 Temporal relationship of data used for AD prediction
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Table 5 Longitudinal statistics of
TADPOLE experimental data
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Table 6 Optimization parameters
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Table 7 Features of MRI volume statistics for the top 10

ranked feature importance scores
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6  ST119CV_max A A B U R A 0.004 974 9
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Fig.5 Experimental results of AD prediction for three models
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Table 8 AD prediction results for different

combinations model (%)
Sy sl ACC PRE, REC), Fiy
A | 84. 82 85.76 85.57 85.45
HERMIT  86.61 87.49 87.28 87.16
AL 89. 29 88.93 88.76 88. 81
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Fig. 6 Comparison of feature selection methods
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x99 FEREMER AD B4R
Table 9 AD prediction results for different deep networks

(%)
oA Y ACC PRE, RECy Fiy
CNN 82.51 82.35 81.02 80. 76
RNN 82.48 82.12 80. 74 80. 33
LSTM 83.52 84. 46 84.38 84.09
AR 89. 29 88.93 88.76 88. 81
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SERZE AN 10 iR,

F10 AESFEFEIFLEIEER (OASIS HIEE)
Table 10 Comparison of different

classification methods ( OASIS) (%)
To DA 5 ACC PRE, REC), Fiy

LR 84.26 78.77 84. 64 80. 68

RF 85.19 79. 54 84.93 81.33
SVM 83.33 78.19 83.47 79.94
LGB 84.26 81.23 84.35 82.55
MLP 83.33 78. 30 85.74 80.23
CNN 85.21 82.28 85.34 83.01
RNN 85.37 82.05 85.29 82.83
LSTM 85. 66 83.74 86. 13 84.35
AL 87. 69 86. 64 87.27 86. 84
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