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Abstract: Alzheimer’s disease (AD) , as a progressive neurodegenerative disorder, presents significant challenges
in early diagnosis and clinical intervention. In medical imaging, structural magnetic resonance imaging (sMRI)
captures brain atrophy and structural alterations through high-resolution anatomical imaging, while
fluorodeoxyglucose positron emission tomography (FDG-PET) effectively reflects functional changes by
monitoring cerebral glucose metabolism. These two modalities hold complementary value in detecting AD-related
pathological brain changes. However, existing multimodal AD classification models are limited by suboptimal
feature fusion, insufficient inter-modal information interaction, and feature distribution discrepancies, hindering
their diagnostic utility. To address these issues, a bimodal iterative cross-attention fusion ensemble framework
(BICAFEF) is proposed. This framework comprises base classifiers and a meta-classifier. The base classifiers

employ ResNet modules to extract features from sMRI and FDG-PET image patches. A spatial feature shrinking
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(SFS) module, integrating convolutional operations and adaptive aggregation pooling, is designed to reduce inter-

modal redundancy and emphasize discriminative features. Additionally, an iterative cross-attention mechanism is

constructed to dynamically capture and reinforce global dependencies and complementary information across

modalities through multi-round iterations, thereby resolving the challenge of insufficiently exploiting inter-modal

synergies and enhancing AD classification performance. To further improve whole-brain classification accuracy,

the framework incorporates a meta-classifier to screen and ensemble base classifiers by discarding those with

accuracy below 75%, retaining high-performance classifiers to boost robustness and precision. Visualization

analyses validate the framework’s focus on critical brain regions, demonstrating its capability to effectively identify

AD-related pathological areas in sMRI and PET modalities. Experimental results show that the framework achieves
a five-fold classification accuracy (ACC) of 94.3%, sensitivity (SEN) of 92.6%, specificity (SPE) of 96.3%, AUC
of 97.5%, and Matthews correlation coefficient (MCC) of 88.7% in AD vs. healthy control (HC) classification,

outperforming state-of-the-art multimodal frameworks.

Key words: Alzheimer's disease (AD); multimodal fusion; iterative learning; cross-attention mechanism;

classification
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Fig.1 Overall Framework
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J2 1 B R 1 ke 5 o 1% AR SR IS T 1o YR EE R 1
CAREHL, B ] 5 2 FE N O((N? D+ ND?)) . 4%\
tokenE BN H KTk N4EFE DI, N2 D TN &
T, IO B B R R S T K

2.2 JTHrEEE(Meta-Classifier)

TCIr KRR TN 150 KA AT R A 2
RN B 5 A5 5, T 150 s 8 J AN =2 Fie
AUIPEAE TRAR X, PRIt FRA R A 2K
AR RE AR I R oy T G S R LA 1) 43
SR T BRI B IR A HT RS, CEIG TR R AR b HERR R
KT 75% ) 5 7 KA ik, AR B 1 HERf % KT
T5%5E 0 KA TR e R A —4E 5
JERNASIER ZH R o N U SFFE R & 5 1
ALK Fre » 23N

Fy,. = concat (Fi, F;, Fi, F}) (13)
Forr, ol /2 580 3k 7 KA B HE T 28 ACC, > 75%
Fi F0E, R3S HE 53 9548 Concatenate /Bl sMRIA!
PETHFHIEIR, Fi, FF, NN 50 5 85 ResNet il
()5 HARFAE P o Fre B S0 28 0 —Milters N1, B
KA —4EBRRR , BE MR % R P R
VB0, B m B N B A 1) A =5 B 2 ik
T[S

3 X

3.1 HIE&E
AT B SR 1 BT R IR ERE P e 15
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51" (Alzheimer's Disease Neuroimaging Initiative,
ADNI) $4 % . ADNIT-20034EE N A FA S VEK 5
Z A3, HE A iMichael W.Weiner[5 2% 18+
T

A M ADNUE S PE bk 141847 [l
sMRIFPET EIE H 4 (1) %2 il % , ik & 73 NAD.
HCH4H (1924 AD, 2264 HC) , ADAL L 4% IIf R 12
1 BA ADIEIR 32183, HC2 WA AR A ARG
() 32 o B AR VRIS B SR 1 s o Ak,
RIS 8RR & 2 I REACE A0 e L i
55 K5 AR LS £ (Mini Mental State Examination,
MMSE) "2\ Il AR R 1F 7€ (Clinical Dementia Rating,
CDR) Pf11E I«

® 1 PARETZAE VRS S
Table 1 Details of subjects included in the studied datase
BAY Bk GR MMSE CDR
AD 192 118/74 74.97+8.16  22.9442.27  0.81+0.28
HC 226 145/121 74.38+£5.86  29.04£1.16  0.00+0.03

32 HIETMALIE

MADNIELHE B 4% 3 sMRIFPETR 14
Bl R AR ELARA T 1Y, 75 B EA AT AL B 1
S F mricron A4 Ji 46 PG B b X fb R pi
815 B HAR1B I (Neuroimaging Informatics Technology
Initiative, NIFTI) #% 30, fEMATLABH i F T. 2
CATI12XsMRUSFAT 25 Sk iy  FL1E B SRR R Rt 480%
227 9 Fir(Montreal Neurological Institute, MNI) #rH
2 (A AN MG 5 — R AR BE, B e % F A sMRIEE
1T IR A — 1k, AN 2R 1 GBI = E A
F0~12 ] % FPETEMG TR AL 2, Jif 46 UG H i
Ak N 8 & Ju Bl (High Dynamic Range, HDR)#% =
Ji » 5 F spm 1265 & A TG BIPET HBLAR L, F4E e
AV VA7 S5 T B A 7 (K sMIRT, (5] IS 542 X 06 & M0 f 4
7 TS A — 1k, AR N8 mm A T
(Full Width at Half Maximum, FWHM) [ 5] £ 71 [5]
PES> HER o TRAL B 58 15 IIsSMRIFPET BUE R ~F K
/NEJN121 mmx145 mmx121 mm, R Z K/ N1.S mmx
1.5 mmx1.5 mm.

NT BEARAT 28 X 4 A Y () SR M B 9D 1 B
BRIR AR 2N B 53 2828, A SO YIS N E
N25 mm*25 mmx25 mm. FH T 12 1R 14545 22511 %%
H s, DRI A 3 % 3 8 R R I 7 B A gk ORIV
121x145x121 (1) BUE F ks b 9125%150%125,
LAFFRMEHI SO AN F I DI

33 ZWiRE

AL 53T 73 J2 28 BRI SR B R SR A
Frdi () S A L, DAt/ B AL K] 35 (%) e o 4 4
PR o5, Bl fa B H — AN T4 [ e Hi AR
RMAREE, 25 MR 5 T AR R AR T4 14k
VERNZRES, F T ST AR E IR UE SR I 2R I
REEFIEAELET LU 4:1:1. R A, N T 38t 7
SRRV SR 18] 1) 280408 22 R e, AR SR N 0 080 i
17 T HARIG ), B R IG T J7 ABE LIS 0% [ Y] B
VX Yl ECZ A BE LB A .

S5 BT 45 FH (4 /& NVIDIA GeForce RTX 4090 Ti
TR R 2R ST HESE N TensorFlow2.5 . I 553 N3 47
ARG TC o KA ZR AP B 7 2R 88
WEZAIOR N BB 64, 2] F W E 5% 107, fEH
Adam A& 3T Z 808, I ZREe 2091 0004 1
B 13 #0045 4] T Early Stoping A Sk Wi 425 U 7F
B4R FRPERE, UBI R fE I IR AR b R pR I 4k
100%¢ A S, M b BRI 2R o4 2R a8
SR CR/INBEE 16, 5 2] R E DH0.000 5, 6 1
Adam A2, YIZRACECAS50 . SLIG R 7 SR 2
(Accuracy, ACC) \ROC i & F i #i(Area Under
Curve, AUC) . #UE¥ (Sensitivity, SEN) Hr 7 &
(Specificity, SPE) « B2 ¥ #H % R £ (Matthews
correlation coefficient, MCC) TLFH 732545 by 5 i Y
AR A A

ACC=1p7 :;)IEEJF FN 19
AUC=P (TPTI-PFN g FPIerTN ) (15)
SEN= TPT+PFN (16)

SPE= FPT+NTN {17

- TPx TN -FPxFN

V(TP + FP) (TP + FN) (TN + FP) (TN + FIEI1)8)
FATP TN FPAIFN 73 ) AR BB VR SR R
B B P 1 = AN B 1 2B o FCFH R (true
positive, TP) 7R I 1 IR 73 RAEA I B i,
[ 4% (true negative, TN) F7R 70 H IE# 70 FAEA
1%, (B FH T4 (false positive, FP) 37 IEZR A 4 1%
RFEARRI R, (5 4 (false negative, FN) A& 128
il R RFEAR B, PO RN FHAT K AE

MCC
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34 SWHEREQR
AT BAIFBICAFEFIIADZ W PERE , A0 2o

PR 5 XU A R REAT SRS B, 25 R AR 2P o

7E ADvs HCIF) 5256 A, PETAR S 73 2R A
T sMRIBLES, R XA il & 75 SENTE A KT
B AR, (HEACC. SPE.AUCHIMCCiFfh 46
R T sMRIFBLAMPETHL A . ACCH B T

sMRIMIPET 7> 147 6.6 F1 73 s AN 20 s A3 T
AUC B 2.94 H 70 S AN0.64 H 70 /K 2Tt
MCC7I A FRTF 134N 1 73 sRI2AN 1 73 1 I HOURERS
il B AR PR ARHE 22 o 3R W AR ST H A XURE A i
B ITIEBE A AL G sMRIBRAE 1 45 445 B FIPETH2
B Dh e S ACEHAE B T S8 BUAE B H b, S TF
ADZWRIHER I .

2 PRE SIS KA R

Table 2 Classification results of unimodal and bimodal fusion

RS ACC SEN SPE AUC MCC

sMRI 0.877+0.039 0.886+0.025 0.866+0.057 0.946+0.030 0.751+0.080

PET 0.933+0.029 0.963+0.023 0.897+0.057 0.969+0.009 0.867+0.059
SMRI+PET 0.943:£0.015 0.926+0.015 0.9630.026 0.9750.004 0.887+0.031

N Y BB 5 AN (RIS T e 52 o R 2% 14 g
SR T AT R , A SCF FH Grad-CAMPY s
TSR RURE A R B AR ST 1) [X

AIRACSS AN 2R, 45 R B, AR
XFSMRUMIPET S Y X 38 X 500K, 3 32 B AR AL SR
FHAN [ RS S R 1 A (3] 7 o XA I8, o XA
AR ST I X BRSO () X — e
&, F M ERHEZNEGEEER N T RN
BRI b OB AS R B AR O R X, A S
FfIBrainnetome Atlas™'%§ 25 106/ MJ)Ht(Patch106) 4T
I DX BRI, TR BT AN RS ES TNARAY S 3 ) LA I
X, W3 p.

Original SMRI+PET

Patch106 sMRI PET

Sagittal

Coronal

B2 B 5 XU AR A AR R TR 5

Fig.2 Visualization results of single-modal and bimodal fusion

models

S5 R, sSMRISGVE H 3 2K X A0 475 5 i [X T
A GRS N X, s L[] (73) < AR B
JE(77.79) VLB S5 AZ AN 25 Kb BIAH 5% 1) X S8 4 v
5(215) o MTPET Ui 7] 8 L6 5 ARG 51 « A
223 R AT IR A IX, (B RN & B JZ (165) AN
N &y B2 J2(167) > T2 28 X 385 R RN R A7 S 5

A o RS Rl A2 S PR i XA AL 2 T sMRI
FIPET S H (12 35 X 38, 56 7 2 M IX 132 4
AR I D R B & o 32 B 8 i il &5 sMRIAPET
B, SOURH 25 A A 7R e % Jf 41 1) 5 o 4 T ) X
KRR, BT T 0 S 4 AR R S e 7 5 B —
AAEEE, XU S fl 6 15 8 B % B8 4 1 S il B A ) i
X 2 [ PR AH AR A, 55 AT REHR 7 B oy i il
IAE I ZE ] o

3 AR FERBSERN X
Table 3 Brain regions focused by the model under different
modalities
Bz KM X
sMRI 73,77,79,87,169,211,213,215,221,223,225,229
PET 109, 165,213,215,217,219,223,225,229
73,77,79,109,165,167,169,173,213,215,219, 223

sMRI + PET

e, B AR SO RS 4T E I 2 A RE 77
EIHEAT LUEL, A3 BN LL S50 45 3L, nR4 PR T Ee 7
%A Huang %5 2 H I 2DCNN+BGRU J7 i,
Sharma 5! (R XL 73 3¢ = 4E 4 R 248 () 28 R 7
ZhangZ5" 3¢ H FIMCADAHEZE . Golovanevsky &5
$2 H FIMADDI J7¥2: . QiusE O H 1) — Mk T 2 il
IR 5 3 5 2] B 2 A 12 W W 48 (Multimodal
Diagnosis Network Based on Multi-fusion and Disease-
induced Learning, MDL-Net) - TangZ5"$ H {172 X3
i il A A B (Cross-Enhanced Fusion Module, CEFM)
FAIShenZE 14 HY 1 UL 25 FRAiF il & (Dual-modal
Feature Fusion, DMFF) 7514 . 4 0] 1, 7EA43 FAH A
BRI LT, A SOTEMERE LT AR T Ui
B A 7771 R B - i 47l 42 58 v 1) B SRR AR, AT
e RIS - LEAh, AUCITI ST — 20 Ik T
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R LE AN [A] BREL N B 93 S RE A0, AR R T HAE SEFR Y,
JH H B T SETE . MCCHIFRTH R WA SCER H (7R AE
Ak B S 5] AP T e B A B R ) A o R

R T AZIEAE AL B B SR I A b, ik —
AR AR SR 3 5 A A SCETE
REFIIE T HeAt T5i%

K4 XS R
Table4 Comparison of experimental classification results

WAREA ACC SEN SPE AUC MCC

2DCNN+BGRU®™ 0.894+0.083 0.885+0.056 0.900+0.073 0.953+0.038 0.788+0.184
Sharma'"” 0.894+0.048 0.926+0.035 0.857+0.076 0.965+0.040 0.792+0.195
MCAD™ 0.919+0.023 0.928+0.056 0.909+0.031 0.918+0.022 0.840+0.047
MADDi! 0.935+0.024 0.925+0.043 0.937+0.022 0.968+0.026 0.879+0.058
MDL-Net?” 0.934+0.031 0.926+0.039 0.943:0.044 0.966+0.028 0.869+0.070
CEFM™" 0.941+0.020 0.929+0.040 0.961+0.036 0.971£0.014 0.880+0.038
DMFF!"” 0.928+0.034 0.921+0.027 0.938+0.054 0.968+0.014 0.857+0.054
ARAEA 0.943+0.015 0.926+0.015 0.963-:0.026 0.975+0.004 0.887+0.031

S &5 AW, A SCHEZRASE FH 1 45 & AR
TR FIC AR I 0] LA B0 sEsMRIF 25 145 B 5
PET A BHFAE 2 [0 (28 TRl o BAACR U, =S
IR 2] SRS Re g 12D A MRS I RHIE R
TIN5 75 X 4 78 Rl 3t R o R B AR P 4 4 B
FEHE, B> T TURAE BHTH Ak, CAIEIE B AL
HPHL, S HELR AL A% 7E SMRIFIPET () BT (5 2 0
TEFIRFAE G 5, G 2R = 1 HEZE XS 2 B s 1 B
filtRE T W3 5B AR 1ok B R AR N
FRE M BAME B RICAZ , JE 3G 58 7 B (8] 1) B[R] 4
F, AT = 1 BRI ERORE 1 2 12 Wt g, 3K
1R EAR I 73 IR

3.5 JHRLSCIG

N T BGUESFSICATIA 2, e vt R v il sk
B: (1) B W SFSHLH, sSMRIFIPET [ FF1iF 7] & Fy
MF, BN BIICAB R, | A KIFAD K4
F.(2) FFHSFSHICA, & B AR MIER K (n) 5 i3t
ITADAY 5256 . (3) PREESFSHEEL, FRMICA, 31T
ADZ> K206 . (4) FERSESHICA , F51F 6] B Fy A
Fp BRSO B G BT 00 25, AE N R S5
SIS 25 AR ST .

TE B A [RI AR (1 R S 56 o, ARG T ik 288 i
B, A FHIC AR R 5 HE B HE A 2 (ACC) 271
L7ANE 43 1, BRI F SFS AR Jo HE B2 HERR 2 (ACC)
PEFF1.6AE 70 i, W BRI 117 L AE AL
RIETF2.9NE 43 vl T R SEIG 45 3R B, AR STHESE Y
HEMRZRFNZ A RE J1 3T, 15 25 T SFSAIICABLHL (1)
TR B8 DL S i AN B AE AN [ D g b i) ELAME A
ICAREHUR I A MR SIHLH], i hEh s 7 283
5 US, AT 3 5 T 2R 5T AR R AE A B B T o 1T

SFSARER I8 s REAE e SRS, A R BRAIR T TUARFFAE
M40, 38 T RHIE R X 40 BE o A, 7E 38 B il
B oL R HEZL [ R B — DT, REHICA
SFSHEH I 45 & 1E SC I sMRIUMIPETAS B (1R B fib &
i B A EEAEH ST E 1% R SE I I AE T
SFSATCARER A5 R B LA HEZEE B ) Tk o

®5 OHRSEEmE R
Table 5 The result of ablation experimen

SFS ICA ACC  SEN SPE  AUC MCC  [HE/s
0914 0.895 0938 0968 0830  59.0
Vo093 0926 0.936 0970 0.862  83.1
\ 0930 0913 0951 0970 0862 726
N V0943 0926 0963 0975 0.887 958

N1 3E— 2D B UE SF S B i DL B A , A SRS
SFS it AL B A 48 70 24T 7 I RS 56 0 51 2tk
Mt KA 2 & AR A AL P R AN TR D B 5 07
BEAT XS B He PP It A A A R B AT
A 5 BEAT B R BAL , T A A PR it AL
AN RHBAG IR 25 REAT 5 - LR A5 R UL 6P

6 AFHALERAE SRS R

Table 6 Experimental results of different pooling operations.

7% ACC SEN SPE AUC MCC Hf[f)/s

SEHAY
Kb 0.932 0.924 0.944 0.970 0.866  95.0
PR RS 0.934 0916 0.956 0.972 0.870 952
TR

HIGN A

0.937 0.929 0947 0973 0.874 93.6

0.942 0941 0943 0974 0.883 114.8
0.943 0.926 0.963 0.975 0.887 95.8

S 45 KRR, B IERNR G T A KE 2 1R b5
AR T Ho A AL T 30, JEHRAEACC . SPEAT
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MCC_ A& B IR AR L2 T, TRA AL T 74l
B4R T B IR, (BT R T & SR A o FoAthth
7 LA~ F 5t A R i KAk AHER T HE N R A
R A ATEPERE A ATV o o X e 4 JRA0HIE T
1 S8 A T R AE SES R b (A 34

BB A FIEARIRE L5645 R R TR, ik
RURE 2005 HEZR P e B i b HIEAR LR I
H(ACC) = 1.6 H 7 mABFFE B I, TR
HER 2 ST LIS AR O VR (RPASf FHTCA) B, T 24X
ST HER RAR T IEAR2 I R R BRI D it 2
I RBE A S ETH R, RA & M iE AR B
WA B 0 ) &5 TR o 3 AT g A R A ad A s AR T
DALTEAE S2 v 78 43 il & 2 1515 B F 3R HUA FRRAE,
AN 2 3 5] N BT R B Sk ko >
I, HEZE R 8 78 43 F FH A SRR ML 34, 33K
FEAER G AN 2 o T AR E S Z ), HESE ] B2
LA BB , B8 1528 E R I B
Z M, NI BRARTZ AL RE 7 o S0 45 SRR I, AL
THEAEIEAR2 VK I REAE 7 A5 2 A TG 75 i) 2 (1]
WA R U ~F 107 , 4 AR S (1 FR0RG 2 o b, Hh T
R ARG L Z S, B2 kA E
BN EE N AE AR o

BT AFIEARE IR,

Table 7 Experimental results with different numbers of iterations

n  Params ACC SEN  SPE  AUC MCC [fi)/s
0 88x10° 0930 0913 0951 0970 0.862 72.6
1 88x10° 0927 0909 0949 0974 0.857 82.5
2 88x10° 0.943 0926 0963 0975 0.887 95.8
3 88x10° 0928 0931 0925 0975 0856  109.2

4 ZEip

NT mEER AR [ RIS P RRAE I B AME S
(RIRCAZ » DT BE ot R0« B A b 27 ) AN R R 25 1) T b
& B HETADZW, ARSI T BICAFEF . iZHE4ER
FH — PB4 AR A8 SR R T Rl SR, T 2 Ik
IR A X R INURITEA RS 2 M TE B A
H 55 A . BRSk i, BICAFEFA FHICAREH, {#15
K AN S IRRFAE vT DA B2 26 Rl sk, AT 58
U MO AR PEABAS (8] () B AME B B UOIEARE R B
WL 22 27 P B RRAE BB, B PR A 2 A R AIE
(R A R AR, HEZLIE 5N T SFSHEHR, 4 Rk
TLAAE B, R H AL, it — DIt B Ak IRk
FE R0 o 8 L 5 A Hh il Aok B AN R SGARE S 1R1E

2., BICAFEFAG 4 5y 1 X5 Al S REAE i R 51 B
775 I A Bl T S5 20 B8 5 H RN B A 5 D R 7R R ER
P12 WT o 3 6 BSCRE AN B T4 s W R 12 T 1 v A
PE, 3BT e AN AR YT 7 R B E SR A AME
%,
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