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AD BIS I S bR AR BT K I TE A A
Y & oner g i gl A BloE 0 JC B T H R I
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sor Imaging, DTT) X Fili 1 J52 134 45 44) e 728 -+ 43 UK
HCORHCRAAE AT LU R B0 AD . 5T 7, AD il
MCIT £ 5 5 I A4 1t [ 35 A9 SF- 24 9% B (mean
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TCAEAR ) AD BRI HEE X,

i B A D) RE L LR LR (resting state function-
al magnetic resonance imaging, rs—fMRI) & 1% ¥ &
JEARZEAD BE M RER Bz —, &
H W5, AD B & ERIA M 2% (default mode net-
work , DMN ) AH I fiki Xy 58 D BE 16 8l S it 42 57 1,
FEIEH AR EAE NS AD B A, IEH EFE AN
BARRRH | Z R HEAIR , T LR Ry i
HhTE A5 D) RE I IR A8 5 T AD B IE R AR AL
DMN-H2 i - ) B i B R U AIC , 195 78 DMIN-#27ij
2R 3% B F T LAE Ry AD S BE AR AR ™

TEHL 7 S BT ST Z 3 i HOR (Positron
Emission Computed Tomography , PET) 7 AD 14
e k3T wARAMER], H 222 8. 18F-FDG
PET 5755 {14 A 05 -7 2 B AR A Q2 12 iR B2 A
R UM AR S R R 1O . HETIESE A
SCREHAE A BE DA R T B8 10 i B PR AG 0 150
H™, IiZ14Y AR YU AD &I bRIC , HAE TooE
AR B HIE XA RO D BE 7™ A= 5200 , 56 T ki 2H 2 A 2
WA O 5 2R TP i 3, ) 2 4 Rl e AR S
B3, ST AT DI RE RS DA G M (EBE
o> TIRET R B K 21 AD FRic YR I
PRIUESE .

AYEEAR S YRR R AD 2 AR ICZ —.
I T V98 3 YA 0~ s A A o A B e, 91
Hiki 5 W tau 25 H (t—tau) B R 1K tau 8 A (p—tau)
T A ARA2 BT LI M 50132 W AD 5 H Al fRi R
A DR . AD BB B IR A 55 AB-
PET 5 kG AR LAY . il B ¥ t—tau | p—tau £l

AB42 ] LT X 3 AD H 3 5 1E % 6 IR L) K
B2 BN g 3 o R I S AR E I 3 t—tau P DAAR
T4 X 5 AD HB 5 TE 4 6 IS, B T A
WU bR B W0 B, AN SRR -5 Pt AD 1
TS WAL T RAr i B . Bilan, 2 i nl i
PE AR ZEBRARKI , % AD (945 St s . MR
Yybr G WA It vT DL B2 B AD A 5 88 % 5
fiE, e 2 DI RE B AT A . 5 AD MG & 44 R
H (AD7¢-NTP) , H: e 1k T i th 5 7 10 i) o 2874
PERH S, T A R 2 2z B R R, B
PR G I 285 SRS AR o AR T I ¥, M A
WOoRET W, B2, &M EY SR EY T
AD R W A B AR SRR Y
7 g

G P & E AR Ak I SR 56 PR -0 5 4 8 AR E
MHEXHFHEAD KAESERTREESEIEH. 1
18 F 40 A 2R KR AR K T (TGF) S5 A i
JeE AR - (TNF) ZE 0 45, fIy RNA U 7 A, 8
ek 2 H FHF AD 9 RHI2 . R AR ORI
WF 78 W7, #0/ RNA (miRNA) 0] LAFE i APP  PS—
1. PS=2 F1¥E ¥y #F 10 4K 22 11 B A7 A5 57 U) i -18
(BACE-1) B 7E MG 20 2 rp i 3Rk A8 1k, XF 22 4=
Ko feie EZAERN . BHEF R £ 19 6 F miRNA
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U I IS 2 M e BRI 25, 1% R A
P b 000U 1 AR S5 A0 2 0 1 0 e fE il 26T T AR
AUC=88.2%) . Pagani %"/ % Fl FDG-PET W 1%
A3z P J7 22 F1 SVM XF 27 BilHE %% Ak MCT A 95 4]
B Ak MCI f8 3% YEAT 000 MCT % & AD I AF9T, &
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(BT IR 9 1 B 1 22 5245 2 AR WL (ADND) R 5
A ADNIEMGETJC 25 ) ,NC 5 AD FMIMCI 4 9432
HEf 2R IK 86% , MCI 2k Y 1] 5 MCT AR 1 43 2 o
RiK 75%. Lu 53T FGD-PET ) £ 4 &£ DNN
Ik e g M AD R BITN , o] L3R4S 82.51%
MHERAI R . Shi SFH B T —F 2RSSR EZ
151 2 Y 2% (multi-modality stacked deep polynomial
networks , msDPN ) 315 | 12 5801 0| FH 2 AR 52 18 24 2
FRIESEAT 73 05T, 53 K 2 (96.9324.53) % , R

J& 4 (95.02+8.56) % , ¥§ 5 1 4 (98.37+5.66) % , {Ii
T )55k 1 DPN 257 . Raju 25 Jll 3D CNN ) 2%
1) 412 056 S22 R P 5 T 0 5 26 31 SVM 92K 8% L 1%
J7 0 5y JE U R I8 5] 97.77%. F H sMRI, M-
RI\PET 5 DTI S5 R AE , 4 B 28 W 2% (convolu-
tional neural network, CNN) , 15 5 /1 73 25 vl 1 .
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0.658“,
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50 00 R Ny 82.4% , 1~3 4F LI vy 3900 % Ny
86.4% , S J MR R A 1K 5] 94.23% . Lu Z5F] FH #f
2 N 4% (neural network , NN ) 5 5 X5} 45 45 MRT 254
Hl R B AT 1R 2 5 1 (single nucleotide polymor-
phism, SNP) B4l #E 17 5341 , 25 2R & 90 E A7 K #o
SNP 41 14 NN A5 % AD FI NC 52 12t 43 2 5
P RE B I P Tl 3 2 A AUC THIAR R 0.992,
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i, 35 T X2 2 F1 3D AT 43 B 45 ALY ad—hoc 2 , 45
A sMRI RATIR 2 A 22000 B 24 I ApoE—e4 3L IR %L
PaVE R A, 245 53 IS 25 1) S A TR
JiE 2 2] E R /D RRBR I T s it A, 38 X
B U ) TR 1 86% , WUR N 87.5% , FEF- 1A
85% , HAENG AD S S e B b 4740 25m, ]
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SRl F IR Tz AR TR 2% 2 Ok
AR | T TR 27 ) AE ELA 2 2 G5 A0 1) e A K
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Khagi 55| 1] CNN [ s #2 1R T MRI A9 fisi ¥4
UG R IEIE R 2 B0 2 2588 an SVM  k—f 3 45 (k-
nearest neighbor, KNN) %5 , 1] i £ 3F- 44 98% [1) 732
HEWR . Razavi SR H —> 2 J2 0 48 9 26 M L6
s vh2E 2 R AE JF HEAT 4328 45 R R R AL R B
I MERR YA . Shen ZEHg A T —NERAE
O] 2 A A et 2T AR ) B R R
(radial basis function, RBF)3 4% i SVM #4757
25 K B 43 35 5] 83.9% ,79.2% i1 86.6% , M 1 4l
By AD Ay LRI . Usman ZE5% ] CNN [ Zh4 H
i FEL A5 5 I R SVM AT 432, ) s g A5 78 2R A
JE 0] 3K 92.7%. Suk Pl BE B R 2% 2 AL
(deep Boltzmann machine, DBM) 53 ¥ 7 14 70 12
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HAWS 3 3445 (stacked auto—encoder, SAE)
(AP TEARRAE 26 7R 7 i SRR R IE S, Z 5 R
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K5 98.8%, Suk S5 id i F FH SAE &b B 5 RE
fiE 1) 2, AR AR AE I 22 4% SVM 43 28 28 X T AD Al
NC /32 HER RN 15 95.9% , Liu 2558 i R g 24 )
HE SR A Rl A, DA T T BRI BE RE A5 K AD R34 40
R AN BE . Goceri ZF 5 CNN 58185 T iE

ih PR A 5 R A 6t AD () 15 531 1 4
2K, Battineni 550 11 A T2 W 45 5 SVM L Fh
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99 Je mT AN HB B Sy ot %) S0

3 &g

B LR ) AU A b e 7E
IHZIRANG A B ARG AR AL, 2 5 S B S
IR RUERR R AN S B (R, 3 28 AT A g 4 DR %
i AT RS L TR0 AD A ok T AL ROk K .
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The early predication of Alzheimer's disease based on intelligent
radiomics technology
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Abstract  The Alzheimer’s disease (AD) is usually insidious in its onset and there are no drugs or methods to effectively
control and treat the disease. Early prediction and intervention during the stage of the mild cognitive impairment (MCI) can
effectively delay the course of the disease. The review contains two aspects. One is the early clinical diagnosis of the AD based
on the brain imaging radiomics features, another is the AD early prediction based on the artificial intelligence (Al) of the imaging
radiomics. We propose that in the framework of the deep learning, the imaging and the genomics are combined to construct a
deep learning model with a high classification and prediction performance, to provide support for early screening and intervention
of the AD.

Keywords radiomics; artificial intelligence; Alzheimer's disease

(Ui EEH)



