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Advances in multimodal deep learning for early detection of Alzheimer's disease
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Abstract: Alzheimer's disease (AD) is a chronic neurodegenerative disease that mainly affects neurons in the brain, especially
in regions related to memory, thinking, and behavior. During the auxiliary diagnosis of AD, massive data from imaging,
genetics, transcriptomics as well as clinical features provide a new basis for mining potential molecular markers and the early
diagnosis and intervention of AD. In recent years, deep learning models have shown strong feature learning and prediction
capabilities in AD image classification; and the researchers will effectively integrate various modal data to provide richer
complementary information for further improving the classification performance. Herein the review introduces the
commonly used neuroimaging data sets and evaluation criteria for AD, analyzes the application of various modal data in AD
classification, focusing on the application of multimodal data in AD classification diagnosis, discuss the application of the

classic deep learning network model in AD classification diagnosis, aiming to provide ideas for further research on

multimodal deep learning technology.
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14 (structural Magnetic Resonance Imaging, sMRI) . 1Jj
fie W 3t P& A 1% (functional Magnetic Resonance
Imaging, fMRI) | ¥ # 5K & W f& (Diffusion Tensor
Imaging, DTI) 1 1E HL F % 5 W7 )2 41 4 (Positron
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RiE— L4578 T AD B #2818 17 14 722 1k Fn s 381
FRES SR, A — B B R AR VPG T BB o Tk 72 00
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W S oy EVRD B BR UM SRR 5521, X AD,
TR BE 2% 2] 38 18 43 A 28 35 1 = 22 2 AR i (4 MRT,
PET %5) , H a4 U5 S AHOC I RFAIE , T A 8 3 288
TR AR AR AT S EE X AD -5 39932 W7 A 1% W i
Rumala 55" FI| F DL [ sh#&BURFIE A PL 3, 840 TR
J8 Mk B 25 R 242 ) 4% (Convolutional Neural Network,
CNN) , F HI 2% T CNN B [A] 73 2 a5, ff ke 12k
T CNN A9 B2 22 R 43 25 A vh AT I ) — 2L Bk %, 491 4
TR T AR RN AN A 0] 8, e 2O HF T B 4y
Ktke.
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YEAE AD 2028 B HT, 20 B T DL AE AD 4l B2 K43
ST I P B K, X SR SR A 5 T 1) A R I R 1 FH
TR R,
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B 7R % I 3RO B 28 52 18 2% 1 4] (Alzheimer's
Disease Neuroimaging Initiative, ADNI) | JF it 7 B 52

1% WF 5% (Open Access Series of Imaging Studies,
OASIS) FlIHR R H 52 4R | A W b i3 4 AR 35 7 53X
(Australian Imaging, Biomarkers and Lifestyle, AIBL)
G 2N B BB N T X AD s
XL AR AL & T K A9 AD B ORI IE B4 IR 4
(Normal Control group, NC) UG EE , MR & AT
PRAL TSR . PR AR AE DT I, B AR R
AR R R B R R 2R E T AR R AR
(Receiver Operating Characteristic, ROC) {if £& T 1 £
(Area Under Curve, AUC) %5, H T BEAR 43 FS A Y 11
PERE .
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ADNIZ— MY, ZHu i im IR 215 A
KAYIRMC Y, B 788 AD By 112 W7 AL 2R
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1.2 B AT iR E

1t AD 73 BT B B PE O A v G A5 Al
# (Accuracy) . R i B (Sensitivity) . ¥ 5 1k
(Specificity) FEE B PEAL F5 45 AUC 55 o X T4 4K
BT T, A7 4 ke il 5 S - F00300 {8 0 B SE 34 FH
[ B BH P (True Positive, TP ) 5 FlIIAE Ay BH 1T B SEAE N
BH ) {5 FH 42 (False Positive, FP) ; T B T EL S5 {8 14
1 B ) BB A% (True Negative, TN) ; TR A BH i &
SEAE A BH A9 B B P (False Negative, FN) . T A5 4328
RS By FE bR X 4 BRI 25 R i 171153 . 78 AD
AR AT 55 v HER RV DL 43 88508 iy
B RPEN e bR, RO TR BT AT 43 R A5 R | OE

WO 2R 45 5 5 1 3= (D) s

N ) TP + TN ()
COUTACY TP L TN + FP + FN

AUC H T i & — 0 A8 ) BE , ROC i 46 /2
DL RO M, DR S R sh L il pg a2k .
R AR SRR A= (2) L (3) R
TP
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ensitivity TP + FN (2)
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Specificity = 3
pem 1C1 y TN N FP ( )
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Table 1 Main imaging methods and their advantages and disadvantages
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SIS T GRS 7 WML AE A | B2 1 5 AT DL
DTI HENF ] K. %2 SR 2.5 7 A
40k A 245 e e AN T T FUIIRTIRTIC 132 ShUR 450 721 (0%
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AR AT RE TS 3)

AR VR JSE P B S At 7

SMRI &I T 135 43 HE 5 1) o s 25 460 1 8., T %
L A MR R 22 | U I A 6 A ) 28 AR 2 AR A AR A AR
TN MCT [a] AD %% Ak 5 T EL A7 4 w8 19 R 505 Fnke 5
PR ITAESR DL 7L B2 R Y F T sSMRI A
1% &) 4y M, B an ff ] 3D-CNN FI [ 4 % #%
(AutoEncoder, AE) Z5 A5 #Y | a] DL B S 0 &
BYREAE, 9 U AD 5 5 NC Z i 22 5% . Liu
SEUE FH sMRIAE R di A 49 8 24T 55 VR ¥ CNIN A
B FECA B il Dy ok M = 4em i
B & R M 4% (3D-Dense Connected Convolutional
Networks, 3D-DenseNet) , 2% >J $2 I H A9 3D B B 4§
AT RES G, 4 A £ 1E 5% CNN Al
DenseNet 152 7 2z > (R RRE X9 R S R 174025
XI5 B 5% % T MCL 5 NC 43 254 55 o 1 % 3k 5
79.2%, X} F AD 5 NC 43 24T 55 1 % 15 51 88.9%.
Lin %% ] 3D-CNN kA5 AD, ] I MRI X} 1% %
AT NG, AFICZS [RVRRAE , X 5 5 JE R R 1Y)
K I YR 3R 35 5] 94.58% ., Tufail &1 A KT 1 sSMRI
oG PR b BEIBCRRAE |, (8 F 22 S TR B 4k CNN 43 28 48
¥4, % AD/NC 1953 5 HERA E B =i i85 81 T 95%

fMIRT A] LA F AR50 05 2 ek i) 197 4 & 7K SE 284k
ST i X DI RETE s ARtk . 7E AD 4328+, fIMRI AT
DU R 51242 BT AR & A0 o X 76 sk
il i HA AD R FIINC 22 8] 9 T REZE 2 s s A

LA 3 AD S RINC, fMRIA S AR5 45 (A
AD B BT 55 OB IR , AT 55 25 IMRIAIFSE
TF e HAT —SE R BRI . i BLAS fMRI (resting-state
functional Magnetic Resonance Imaging, rs-fMRI){f 4
— MR BEPE UGS HEAR , PTHRAEMESR | LS 3 il 5
PR IRDIRERY SE AL AL, JEHE 5 1 T AD FTIMCI
AIWFFE . Alorf %5 3 ixk M rs-fMRI I h B UK fii
AT RESEFE I 2% , A HIME B AR I 3l 2 A% ML T K
IR B TR A B Z2 BR800 2 0] 6 ISR BL: NC
F=HE O 2 ) ( Significant Memory Concern, SMC) -
%4 1 1\ 0 B % (Early Mild Cognitive Impairment,
EMCI) .MCI. M 9] 4% B DA B A5 ( Late Mild Cognitive
Impairment, LMCI) Fl AD (1)1 53 S5 i 4253 371 35 5]
T 77.13% F1184.03%., Wang %2357 T — LT fMRI
48 2 o3 2 HE B, A T B AT A A2 W] 20 48 % (Phase
Synchronization Index, PSI) Fil 2D-CNN f#] rs-fMRI 2 £6;
I AD Hh i S I P BE I, A A5 R ARHT, AD 5 NC
O RUERARILH) 98.8%., AR IMRIXT AD i #iL A
AT AR AH TR R AR Th I RBE IEH
X T HAFTE— & 1Y Jm PR , A 45 250a0 b 42 7% AR
F 5 MR 25 0 PR AR R 2 RO IR A M A A 1R

R iy T3 i ) DLARALTE MR F 1 73 R R 548
i, AT (LA REEAS B OE TR AR .

DTIH 7K 735 B AL RS A S e 11 Jo 2T 24 R Y 58
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Ve FGEEYE . DT F Z 8 bR AL 35 49 1R
(Mean Diffusivity, MD) F1 4% [a] 5% 14 43 %4 (Fractional
Anisotropy, FA) . AD [ P& AL | 00 R
(B35 Eh4) (1) MD B4, 17 #E MCI 3 S8 38 i e
I RS DA ). Reginold %52 & 8 AD
SR L IRAR R B S R e kR
F1 5T 1 MD 42 [ 37 1 % %X (Radical Diffusion, RD) K
iR, P DTTREAS AR B B A i 1 5 fr) 45 4 A%
fbo JEESAE DL J7 ik O FA#AT DTLEE , 6 4n i
CNN F1 4 il X} $t M 4% (Generative Adversarial
Network, GAN) 45 152 784 2z 3] $ i DTI G 1 i
SE R AE T YEAG AD P BT T 4E TR Y S
Marzban %5 >R A DL 5.1k 45 & DTIEZ , X} AD/NC
HIMCI/NC 1153 2 R 2853531 0 93.5% H179.6%

PET W] L0k 5 P A ) X s A Gt 2, S48 AD
A AE YRR B B B0 PET BUZ RIS E & T PET
FIMRI IALH 78 AD 232 i H T4 5 AD A
KIEE AU . PET AR BRARICH nT 43 Ry Je I8 e st
PET(Fluorodeoxyglucose-PET, FDG-PET)FI3E #5325
PET(B-Amyloid Peptides PET, Ap PET) , FDG-PET Ji F]
Bz, Lu SOt I 2 R S AESE R IR R2#
7R R 2285 MEXT 1 051 1) FDG-PET 4L i
BRI T 25 , DABR 5/ IVRE A KA J2 i 22 I 25 1 1)1
YRAe 1, RN B S A 0 FHAS [ 96 UE 45 7] 32 = i 7
Fevae vk R e, (Ul H B (FDG-PET ARk )
RS T 82.51% I ZERG R . Duan 5527/ F FDG-
PET X% AD & AT RIIZ T, I SCR 28 25 i
Fa2#>) 25t (Extremely Broad Learning System, EBLS )
X} 2D CNN PRHE A THE 5 , 5e 2 EMCI 5 LMCI 4328
HERR 31551 81.63%. Thakur 55 fifi i 18F-FDG PET £;
MFAARAIZAB B, 4045 EMCIFTLMCI, LA K NC F1AD,
{6 FH ResNetS0 9 26 FH F4FAF$RE B, e 28 22 7 R AU 7E
MR AE 1 A B ARG 98.44%
22 EERNEZBRES

WL R AE AD I & h i A, R )
PR S U APOE e4 45, 5388 AD KU 4H5¢, Lin
LM F R R 2 2 S 2R AR A T AD 3 3 X HE
TT RIS, Ok AD 5B R 9 &K . Zhou 55
K2 T DL AL, K525 5 (B SNP) Fpfi 85245
2R (R MRD BB RS A DLAERL, 2R FH 28 L5
WEREARIEATINGR, ©NFER LUK P58 —28 5 AD i
FASC KBS FE N . Xu SR —Fh DLAESE, HIF
TR 1 455 PR 20 9 ] fi AU 25 PR R AD Hh A9 K i
S RN, BRGURRE TP 2 HZ N AD
B RG0S 0, B R st
BHATERG ST s BER AR R .
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YRR R AD O OCHE 2 AR0E
SPARBIR W Se D S HR, I R LI B A= 12
PR TR B2 W AL AD Ry uERE , AD 1) & 5%
AL E I 5 - A A 2 11 (B-Amyloid , AB) N
KRR LA K W12 1k Tau 2 [ ( phosphorylated Tau, p-
tau ) Fl1EL Tau 25 [ (total Tau, t-tau ) 7K VT3 K8 E -
XSGR A Y 2 E bR S 23 U T e AR
E SN PR LT YRGS S, DR G ) R i Lo A 2
PR xd THEm AD RIS W AR T 2 CEZ ., AB
JETE TE MY RE BRI T2 BN , 2338 LT A R EEERfY
SEHARVE , ET SRR 2T A RIPET  JE R R B
IR & AD I R ZERBARIEZ —, p-tau [ 5 f
LA HEGHSS Y W VIAROC , 1O S EON Y RE T %
B FEZHLE 2 — o BB M 0 A= bR B
I AD Kl FizWr 2%, C a8l mibn &Y
£33 AB . p-tau Fl t-tau 2 1, BT TR BN H (9 MR B2 AT
VU TR AD.

3 SESEIETE AD 4 2 B ch B9 KL A

Z BE S B o AR BOOR naE S P W )2 4
(Computed Tomography, CT) .PET .MRI #9 Pt 3 % Ji&
1B THE R TR, BT LUR AL IR 28 B B A
2R EAME R . ZEERIREG 2R
ARG A RS 2 B R B A i — D B, &
MZFEEUE PR ICE AT RS A R b 2
RS G I EURDY

PR Rl 7 vk 2243 Ry 25 ) Sy 0 R 46 1l 7y
PR 28 AT R IR KR R R S B EH
TR 7 A A FEREAR , B LAY 25 8] 387
ARG ARG A R KB Rl A X ST 1k
{7 o B (HAS o 1 A 1 {5 B R . AR by
AT P G 4 30 A 5 Al K 5 7R 1 Bl
FTERAE , J5c I P PGB A 1] 2 i) dml, o AL ) 728 46 Js
i B ALAE /N AR A BB SL AR | B R e
A5 X A e a7y ok A P A A Sl P R, AT LA S G
SR N IR R S N SRR N =1/ - s = P S i ¢
S Ry FH e AR A LA SR T A B U 1 PR
RIS RG Tk . ERRG A S [F]  El S AL
), PTG Rl DU 3 5 S TRTAR v SCBRERRAIE , 220 A
HERRAE . AR S R AR LR W 48 b i AL AT R
53 A SR TT 43 3R AR R YRS RS
PRI G o AR PR A 2 IR SR I 15
FAHAL AR R SOCHRMAE B LIRS AlA i R
XA ERG AT DLOR B AR B 4 {E B BT e s
SEOTRE R, FEOEZ LA AL b 35 5 X A 5
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Figure 1 Schematic diagram of fusion level
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15 (MRI) . it 1% [ B A4% 11 1R 22 25 1% (Single Nucleotide
Polymorphism, SNP) | FlIlfi PR iz 95 B4 , 25 R R W1 5
2SR 2 R TR AR A P 43 [ 207 1 T B
AR Houria 25795 3 2845 MRI(DTI #1 sMRI)
LA MRS AD B 1Y P 5 AR IR T 25 45,
T CNN FRAE £ B A 32 45 ) 52 AL (Support Vector
Machines, SVM) 73248 X% AD #9454~ B BEEA T 432,
X} AD/NC . AD/MCI Fl MCI/NC F4 53 2 HER 2243 501
99.79%.99.6% £197.0%. Liu%E"" 3T Z4% SVM, %}
ADNIZHE i R 26 0] PET 5 MRLER & FRAEHEA T
VAL IR 15 55 R 1) AUCE (0.924) . Zhang 5% F|
22 152 A B 4 ki 8 VR A W s A 4 sMIRTFT FDG-
PET #E 47 RlA , A FH 25 B 19 B AME B 48 12 Wik
. MIERT TAERE , 5B 5 L, 2
B iE s HAT AR RE . K SRS EE AE S
A AR R T R S R . S — L TR TR
FIAS 58 B 1) Z2 LA B 7 B I S5 390 08 5 ki 1 v fie g
PIRETRUATR A PRAR . Aok, BRI A B E R —
Tt 52 4 e FIVEL AR5 M0 R I R D3R S vk TR U
R 27 F R FE RO T A

4 REERE

A 6 AD FH2 W ) Z 48538 DL 5T, 9
7 T4 S 7 FH A HILES 2% 2] A DL ik, 0B 1 #
BIZSTE AD 43 22 Wi (1 1 L B i 98 K2R H
sMRI. fMRI.DTI, PET % #l £ 5% 44 2% J7 1 #E 47 MCI
5 AD 4y 0058 AR B T R E I HERG %L (H
SR — I 2GR AT — R BRI, I 2 B
2 2 G Rl A B O B A7 B 5T 3 0 e . T
B 2% 2 5 ik ml LI DRAE 78 i 1 25, $2 85 A [R] MCIL
O3 AT 55 W A e 5 O A s o) ik LR L 2
ARG A, URA AR AN A2, DA T A5 7Y
Y RTEE M s 7R ML BERE b AR SCRSS T 45 5258 0 AR A
FEAD W IRCR g 2 TR T

FAR HATHET DL 1Y AD 2R 2 Wi 58 CL S 1T
—E WS AR T I E 2Pk R, EERMAE LT
D (D) s &, B AT K258 /AR i/
ﬁ{f?&%)ﬁfeAD AR 2 Wi N KR ) — > EE B

0o Ay T RO 1 R s AR B SR AU
J%iizﬁ (14 FR S0 I 25— A T R IO 286 2 A Sy R g
(4, T3 2o B8 R DO 2% 11 2% ) M e sl et I T 2R
s B 70 07 v G IR B (2) B R S — S
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Table 2 Various image classification models

Ay B—1EH A5 G B Vi Y ki HERR
2023 Duan'?") EMCI/LMCI ADNI FDG-PET 2D-CNN 81.63%
ADNI
_ (1 015fINC, . .
2023 Oktavian'3] AD/NC/MCI MRI ResNet18(iFF52%>] ) 88.3%
575 AD
1 709 {5l MCI)
1013 4513 5 42 B i r
AT R P R A/ 896 Pl LS | g
2021 Raju4) - . sMRI VGG-16(iF#4:>]) 99%
PRSI /NC (U432 64 151 v R |
3200 NC(IlZk4E)
AD/EMCI/LMCI/NC( Y VGG16.VGG19(iE 96.39%
2023 Khan'#!! § ADNI MRI
3% #23) 96.81%
ADNI AD/NC:98.73%;
(85fINC .
AD/EMCI/LMCI/NC(6 o EMCI/LMCI:
2021 Mehmood!#?) o 70 5] EMCI | MRI VGG-19(iF#4:>)
M%) 83.72%;
70 5] LMCI,
73] AD) HAt7E 80% LA I
2022 Pereira' 4 AD/NC ADNI MRIFIFDG-PET(Z454)  CNN(iE#2%2]) 86%
ADNI ResNet101 . Xcep-
2022 Ghaffari 4! AD/NC OASIS sMRI tion . InceptionV3 (i 93.75%
AIBL B3)
2022 N [45] AD/NC/MCI ADNI 3D MRI 3D-ResNet XGBoost 90%
guyen " ®
(FER=2])
AD/NC 3D MRI 100%
2022 Kumaril“e MCINC ADNI FDG-PET P AL R A 91%
AD/MCI PiB-PET 95%
AD/NC VGGI1 . 90.36%
AD/MCI 77.19%
2021 Kang47) ADNI 3D MRI ResNet16.,
MCI/NC 72.36%
MLy
MCI¢/MClnc DCGAN(SRH#T) 63.49%

HPATF 5 1 0 2 AR A T 2 S A (3) I 8 A8 A [ A
o T 2SR T I B 2 MG A Z 05
ZREPOR Rl 2R B TAME B, AT 5 2 0 45 45
WL R SR o 2 2 AT A B AR i e A 1Y
PRI EE ()AL, TR
R 1Y 12 2 PR BN, A FR B9 U1 2 80 3 & B30
RO B AUE BLAR , n] LIGE A R8s A7 JRAE R
JFH 22 B B B 1 5 5K W B0 240 S50 SR A e A2 A1 ]
T 2 A % PR BCRET  Rfif RX — []E

UTAF R, Wi PR B9 12 W 55 T 00 A A 8 22 il ]
FIANTHAE. 2T DL AYBI AR R A BAE AD A4
R S5 I B4 32 W A TP A 3% 2T . Hag
SEELSI T AN (] B AR A A 7 1 DA LR o ) A
DL £ A, TG0 A1 50 28 25 S5 4 1 550

AD A4 AR5 FEUR #9555 o Chang 5817 4 H
¢ >J (Federal Learning, FL ) 7 iiti %5 455 12 Wi Hh 8 ke 4l
Z X, FL AR VR 78 AN 45 8508l 19 175 00 F 11l 25 DL S
AU 33 R W R SR AN (] 10 5 6 1 e DR 12 W e 8 T8 2 1Y
M DL S B 22 A= 178 Bei2 8 5 1l

[ 5% k)

[1] Khan S, Barve KH, Kumar MS. Recent advancements in pathogenesis,
diagnostics and treatment of Alzheimer's disease [J]. Curr
Neuropharmacol, 2020, 18(11): 1106-1125.

[2] Scheltens P, De Strooper B, Kivipelto M, et al. Alzheimer's disease[J].
Lancet, 2021, 397(10284): 1577-1590.

[3] Botello-Marabotto M, Martinez-Bisbal MC, Calero M, et al. Non-
invasive biomarkers for mild cognitive impairment and Alzheimer's
disease[ J]. Neurobiol Dis, 2023, 187: 106312.

[4] Festari C, Massa F, Cotta Ramusino M, et al. European consensus for
the diagnosis of MCI and mild dementia: preparatory phase [J].
Alzheimers Dement, 2023, 19(5): 1729-1741.



- 26 -

] 22

2L U

TR %42%

[5] Zhang YT, Teng QZ, Liu YY, et al. Diagnosis of Alzheimer's disease
based on regional attention with sMRI gray matter slices [J]. J
Neurosci Methods, 2022, 365: 109376.

[6] Warren SL, Moustafa AA. Functional magnetic resonance imaging,
deep learning, and Alzheimer's disease: a systematic review [J]. J
Neuroimaging, 2023, 33(1): 5-18.

[7] Mayo CD, Garcia-Barrera MA, Mazerolle EL, et al. Relationship
between DTI metrics and cognitive function in Alzheimer's disease[J].
Front Aging Neurosci, 2019, 10: 436.

[8] Prem Kumar A, Singh N, Nair D, et al. Neuronal PET tracers for
Alzheimer's disease[J]. Biochem Biophys Res Commun, 2022, 587:
58-62.

[9] Teng J, Mi CL, Shi J, et al. Brain disease research based on functional
magnetic resonance imaging data and machine learning: a review[J].
Front Neurosci, 2023, 17: 1227491.

[10] Khan P, Kader MF, Islam SM, et al. Machine learning and deep
learning approaches for brain disease diagnosis: principles and recent
advances|J]. IEEE Access, 2021, 9: 37622-37655.

[11] Rumala DJ, van Ooijen P, Rachmadi RF, et al. Deep-stacked
convolutional neural networks for brain abnormality classification
based on MRI images[ J]. J Digit Imaging, 2023, 36(4): 1460-1479.

[12] Veitch DP, Weiner MW, Miller M, et al. The Alzheimer's disease
neuroimaging initiative in the era of Alzheimer's disease treatment: a
review of ADNI studies from 2021 to 2022[J]. Alzheimers Dement,
2024, 20(1): 652-694.

[13] Veitch DP, Weiner MW, Aisen PS, et al. Using the Alzheimer's disease
neuroimaging initiative to improve early detection, diagnosis, and
treatment of Alzheimer's disease[J ]. Alzheimers Dement, 2022, 18(4):
824-857.

[14] Ellis KA, Bush Al Darby D, et al. The Australian imaging, biomarkers
and lifestyle (AIBL) study of aging: methodology and baseline
characteristics of 1112 individuals recruited for a longitudinal study
of Alzheimer's disease[ J ]. Int Psychogeriatr, 2009, 21(4): 672-687.

[15] Marcus DS, Wang TH, Parker J, et al. Open access series of imaging
studies (OASIS): cross-sectional MRI data in young, middle aged,
nondemented, and demented older adults[J]. J Cogn Neurosci, 2007,
19(9): 1498-1507.

[16] Tufail AB, Ma YK, Zhang QN. Binary classification of Alzheimer's
disease using sSMRI imaging modality and deep learning[J]. J Digit
Imaging, 2020, 33(5): 1073-1090.

[17] Feng JW, Zhang SW, Chen LN, et al. Detection of Alzheimer's disease
using features of brain region-of-interest-based individual network
constructed with the sSMRI image[ J ]. Comput Med Imaging Graph,
2022, 98: 102057.

[18] Liu MH, Li F, Yan H, et al. A multi-model deep convolutional neural
network for automatic hippocampus segmentation and classification
in Alzheimer's disease[ J]. Neuroimage, 2020, 208: 116459.

[19] Lin CJ, Lin CW. Using three-dimensional convolutional neural
networks for Alzheimer's disease diagnosis[J]. Sens Mater, 2021, 33
(10): 3399-3413.

[20] Raimondo L, Oliveira LA, Heij J, et al. Advances in resting state fMRI
acquisitions for functional connectomics[J]. Neuroimage, 2021, 243:
118503.

[21] Alorf A, Khan MU. Multi-label classification of Alzheimer's disease
stages from resting-state fMRI-based correlation connectivity data and
deep learning[J ]. Comput Biol Med, 2022, 151(Pt A): 106240.

[22] Wang RF, He QG, Han CX, et al. A deep learning framework for
identifying Alzheimer's disease using fMRI-based brain network[J].
Front Neurosci, 2023, 17: 1177424.

[23] Chandra A, Dervenoulas G, Politis M, et al. Magnetic resonance
imaging in Alzheimer's disease and mild cognitive impairment[J]. J
Neurol, 2019, 266(6): 1293-1302.

[24] Reginold W, Luedke AC, Itorralba J, et al. Altered superficial white
matter on tractography MRI in Alzheimer's disease[J ]. Dement Geriatr
Cogn Dis Extra, 2016, 6(2): 233-241.

[25] Marzban EN, Eldeib AM, Yassine IA, et al. Alzheimer's disease
diagnosis from diffusion tensor images using convolutional neural
networks[J]. PLoS One, 2020, 15(3): ¢0230409.

[26] Lu DH, Popuri K, Ding WG, et al. Multiscale deep neural network
based analysis of FDG-PET images for the early diagnosis of
Alzheimer's disease[ J]. Med Image Anal, 2018, 46: 26-34.

[27] Duan JW, Liu Y, Wu HH, et al. Broad learning for early diagnosis of
Alzheimer's disease using FDG-PET of the brain[J ]. Front Neurosci,
2023, 17: 1137567.

[28] Thakur M, Snekhalatha U. Multi-stage classification of Alzheimer's
disease from 18F-FDG-PET images using deep learning techniques
[J]. Phys Eng Sci Med, 2022, 45(4): 1301-1315.

[29] Lin E, Lin CH, Lane HY. Deep learning with neuroimaging and
genomics in Alzheimer's disease[ J]. Int ] Mol Sci, 2021, 22(15): 7911.

[30] Zhou J, Hu LF, Jiang Y, et al. A correlation analysis between SNPs
and ROIs of Alzheimer's disease based on deep learning [J].
Biomed Res Int, 2021, 2021: 8890513.

[31] Xu JL, Mao CS, Hou Y, et al. Interpretable deep learning translation
of GWAS and multi-omics findings to identify pathobiology and drug
repurposing in Alzheimer's disease[ J |. Cell Rep, 2022, 41(9): 111717.

[32] Femminella GD, Thayanandan T, Calsolaro V, et al. Imaging and
molecular mechanisms of Alzheimer's disease: a review [J]. Int J Mol
Sci, 2018, 19(12): 3702.

[33] Whitwell JL, Tosakulwong N, Weigand SD, et al. Relationship of
APOE, age at onset, amyloid and clinical phenotype in Alzheimer
disease[ J|. Neurobiol Aging, 2021, 108: 90-98.

[34] Cui C, Yang HC, Wang YH, et al. Deep multimodal fusion of image
and non-image data in disease diagnosis and prognosis: a review[J ].
Prog Biomed Eng (Bristol), 2023, 5(2): 022001.

[35] Venugopalan J, Tong L, Hassanzadeh HR, et al. Multimodal deep
learning models for early detection of Alzheimer's disease stage[ J].
Sci Rep, 2021, 11(1): 3254.

[36] Houria L, Belkhamsa N, Cherfa A, et al. Multi-modality MRI for
Alzheimer's disease detection using deep learning[J]. Phys Eng Sci
Med, 2022, 45(4): 1043-1053.

[37] Liu F, Wee CY, Chen HF, et al. Inter-modality relationship constrained
multi-modality multi-task feature selection for Alzheimer's disease and
mild cognitive impairment identification[J]. Neuroimage, 2014, 84:
466-475.

[38] Zhang J, He XH, Liu Y, et al. Multi-modal cross-attention network for
Alzheimer's disease diagnosis with multi-modality data[ J]. Comput
Biol Med, 2023, 162: 107050.

[39] Oktavian WM, Yudistira N, Ridok A. Classification of Alzheimer's
disease using the convolutional neural network (CNN) with transfer
learning and weighted loss [J]. IAENG International Journal of
Computer Science, 2023, 50(3):947-953.

[40] Raju M, Thirupalani M, Vidhyabharathi S, et al. Deep learning based
multilevel classification of Alzheimer's disease using MRI scans| C |//
IOP Conference Series: Materials Science and Engineering. Bristol,
United Kingdom: IOP Publishing, 2021: 012017.

[41] Khan R, Akbar S, Mehmood A, et al. A transfer learning approach for
multiclass classification of Alzheimer's disease using MRI images| J ].
Front Neurosci, 2023, 16: 1050777.

[42] Mehmood A, Yang SY, Feng ZX, et al. A transfer learning approach
for early diagnosis of Alzheimer's disease on MRI images [J].
Neuroscience, 2021, 460: 43-52.

[43] Pereira P, Silveira M. Cross-modal transfer learning methods for
Alzheimer's disease diagnosis[C ]//2022 44th Annual International
Conference of the IEEE Engineering in Medicine & Biology Society
(EMBC). Piscataway, NJ, USA: IEEE, 2022: 3789-3792.

[44] Ghaffari H, Tavakoli H, Pirzad Jahromi G. Deep transfer learning-
based fully automated detection and classification of Alzheimer's
disease on brain MRI[J]. Br J Radiol, 2022, 95(1136): 20211253.

[45] Nguyen D, Nguyen H, Ong H, et al. Ensemble learning using
traditional machine learning and deep neural network for diagnosis of
Alzheimer's disease[ J]. IBRO Neurosci Rep, 2022, 13: 255-263.

[46 ] Kumari R, Nigam A, Pushkar S. An efficient combination of quadruple
biomarkers in binary classification using ensemble machine learning
technique for early onset of Alzheimer disease[J]. Neural Comput
Appl, 2022, 34(14): 11865-11884.

[47] Kang WIJ, Lin L, Zhang BW, et al. Multi-model and multi-slice
ensemble learning architecture based on 2D convolutional neural
networks for Alzheimer's disease diagnosis[J]. Comput Biol Med,
2021, 136: 104678.

[48] Haq EU, Huang JJ, Kang L, et al. Image-based state-of-the-art
techniques for the identification and classification of brain diseases:
areview([J]. Med Biol Eng Comput, 2020, 58(11): 2603-2620.

[49] Chang Z ,Xiangzhu M ,Qiang L, et al. FedBrain: A robust multi-site
brain network analysis framework based on federated learning for
brain disease diagnosis[J]. Neurocomputing, 2023, 559: 126791.

(%47 : B %S



