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Classification and prediction of Alzheimer's disease based on machine learning
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Medical University, Taiyuan 030001, China

Abstract: Objective To classify and predict Alzheimer's disease by machine learning method with brain structural magnetic

resonance imaging (sSMRI), age, gender, years of education and MMSE score as features. Methods After feature selection, L1-

regularized Logistic regression, L1-regularized support vector machine and gradient boosting decision tree were used to classify

and predict the brain sMRI data. After the optimal model was determined, the model was optimized by several features including

age, gender, years of education and MMSE scores, and the performance of the optimized model was evaluated by 10-fold cross-

validation. Results L1-regularized Logistic regression had the best classification performance. The prediction accuracy of the

model optimized by the features of age, gender, years of education and MMSE scores was increased by 0.89% to 11.42%.

Conclusion The feature set of SMRI, age, gender, years of education and MMSE scores in L1-regularized Logistic regression model

has a better performance on the classification of Alzheimer's disease, which can be used as the basis for the auxiliary diagnosis

of Alzheimer's disease.
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25, XA 1IE 4 2 4FE A (Normal Controls, NC ) Fl 5L 4%
JE A A (Early Mild Cognitive Impairment, EMCI)
B EMCLEE FIAD BUE Z [ 22 57, 45 R IF A HE
HU, HBIRYREAS B AR R B 5/, T B AE AR 1 4L
Grlal @, BLAh  ZR A 5 R IE FLECE AR FR A
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QI NI 3 (< 7/ N SV LR S T A P 7 NI A
(Hippocampal Subfield, HS) . % JZ {& F{ (Cortical
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& FH (Subcortical Volume, SV) . JZ JZ J& & (Cortical
Thicknesses, TA) ,/E A FFAEBEPE A9 FEAE
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H = (B, Boeo, B,) W IHBIUSAL
BEAAEn DA D, = {(x'p) } |- MKIEFE
A BSRIR SN D, £ Bk B EAR K RN XA
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jlog(y"w(ﬁTx,-)m (1 -p(fx) )} (2)
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TG, A58 L1-LR AR R 4

argmax { logp(AID,) - 2||B| } = arg max

{ ilog(y"(ﬂ(ﬁTxi)Jr(l -1 -9(Bx)) }(3)

AMWEGEHEE T 53 AP FR R T B — o A, —
Fi & L1 1E W] 32 FF 19 & AL (L1-Support Vector
Machine, L1-SVM) , J&7E AD 0432 i i i FH Y
SR I ALY P E RO I L1 AR, a1 e )
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3.1 LI-LR¥FAEIRFELE R

3.1.1 272 T sMRISFIFEEE R 1 5% S B 46 i
A FR S, 3RS 272 T sSMRIUJE 252435 b5 , 8 1 L1-LR 45
TEZE BRI AY AT AR AR R HL . 727328 NC-EMCI 4 v,
272 35 sSMRIAFHIE TP AT 65 MFFIERE P BERE AT — 2D B
Y L1-LR 43 28 5000 A5 A9 5[] B¢ 1, 78 % NC-LMCI,
NC-AD ,EMCI-LMCI,EMCI-AD ,.LMCI-AD 432 1,
43 37.22.52.38 .41 M FEAEHE A L1-LR 43 545
AL REAE PR S A 6T o3 S 0 280 BTk R B /MK
W, B DUk i R B AT 10 TWRFE, WL 1.

=1 272 sMRIFHE S S EZ AT 10 TUHHE
Tab.1 Top 10 important features of 272 sMRI features
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I\ 2438 AR A1 135 MMSE 8 %1743 . £ NC-EMCI .
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Tab.2 Top 10 important features of 276 features
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3.1.3 $HHEERFE RS 272045 R, R &
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NC-LMCIA 1, SA- 72380 [1] by 43 2 P 5 i A o e
KLU 8] 67 37 24 2 FNCAZ , 76 9E S LMCI A b
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276 W gE W fE5| A MMSE & £ 174 AR E M
G S =l N N S 18k e T YL G A S (1Y
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Sy AR AL A AR, LR SIS WA R . AR IR A2
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Tab.3 Classification accuracy based on two different feature datasets (%)

FRAE AR NC-EMCI NC-LMCI NC-AD EMCI-LMCI EMCI-AD LMCI-AD
SMRI 84.02 88.73 86.24 82.04 88.21 86.33
SMRIHAE S+ 1] +57

86.94 91.87 97.66 82.93 94.28 91.24

HE A R+MMSE 1145
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Tab.4 Sensitivity, specificity and AUC values based on two different feature datasets

, SMRI SMRIHAFIS -+ 31)+32 5077 4F- R +MMSE P43
o IR/ % FERME% AUC UL/ % RERE% AUC
NC-EMCI 99.42 83.75 0.9370 95.25 87.15 0.943 5
NC-LMCI 85.89 96.86 0.951 1 77.82 89.76 0.919 5
NC-AD 66.38 90.00 0.947 2 93.39 100.00 0.997 3
EMCI-LMCI 83.19 57.45 0.874 6 58.27 86.26 0.879 7
EMCI-AD 65.89 87.46 0.965 1 79.11 98.33 0.994 7
LMCI-AD 66.61 75.76 0.880 3 84.11 95.61 0.984 9

A EE 272 TR AF 4L AR, 276 TARAEZ4H L1-LR 43
2 #5732 B NC-EMCI . NC-LMCI . NC-AD .
EMCI-LMCI.EMCI-AD . LMCI-AD #H 43 2 i i 2241
YCHE 1 2.92%.3.14% . 11.42%.0.89% .6.07%.4.91%.
T HAE FLH R 5 EMCL.LMCI F1 AD B, #E 3 % 5 15
94.28% ., 91.24%, [F) B 78 X 73 ¥ L4 % 551 (1% EMCI I
LMCI it 0] DLk 5] 82.93% MY HERM % . 45551 A/
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PE, VLU AE S BRI PR 12 W s 3 L3 48 bk vl DL E AR
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0.2 - = ROC curve of label 1-2 (area = 0.874)
P ROC curve of label 1-3 (area = 0 965)
l = ROC curve of label 2-3 {area = 0.880)
0.0 . - .
0.0 0.2 0.4 0.6 0.8 1.0
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I’I
'
- -
&p’( 0.6 || -
i ol
= ROC curve of label 0-1 {area = 0.931)
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o~ = ROC curve of label 2.3 {area = 0.961)
0.0 . - - T
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Fig.1 Receiver operating characteristic curves of two different feature datasets
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