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An Alzheimer’s Disease Diagnosis Method Based on Two-Pathway
Convolutional Networks and Adaptive Feature Fusion

CAO Gongpeng, YUAN Xiaotong, ZHANG Yuting, ZHANG Manli, KANG Guixia

(School of Information and Communication Engineering, Beijing University of Posts and Telecommunications, Beijing 100876, China)

Abstract; Deep convolutional neural networks are widely used in structural magnetic resonance imaging
(sMRI) analysis for the early diagnosis of Alzheimer’s disease. To address the challenge of efficient
representation learning in sMRI, this study proposes a two-pathway convolutional network that improves
the computational efficiency of sMRI feature extraction by representation decoupling, and further
strengthens the representation discriminability through adaptive feature fusion. The network consists of
three parts: 1) A high-channel-capacity slice path, which processes sparse slices to encode semantic
information of slice images; 2) A low-channel-capacity context path, which processes dense slices to
capture inter-slice contextual information; 3) An adaptive feature fusion module, which integrates the
decoupled information from both paths to generate more effective sMRI representations. The proposed
method was evaluated on two tasks—Alzheimer’s disease classification and mild cognitive impairment
conversion prediction—using the Alzheimer’s disease neuroimaging initiative ( ADNI) dataset. The results
demonstrate that the proposed approach surpasses the baseline models in both computational efficiency

and diagnostic performance, while achieving results comparable to those of current state-of-the-art

i B, 2024-10-15

E£WMA . eI 45 H (2020XD-A06)

EHER . BIME(1996—), B, Tt/

WISIEE: B (1972—) , Z, #, AR SI0, HEFE : exkang@ bupt. edu. cn,



106 S[AS AN

%48 %

methods.

Key words: Alzheimer’s disease diagnosis; two-pathway convolutional networks; adaptive feature fusion

Br] SR P 2RI ( AD , Alzheimer’s disease ) 42—
B R P ATV A J ) X P 2R A TR |, S
NH LR AR IR AER N, 2 SO N X #h 22
JCAN AR R TT 5 A i 22 45 , i DRI R o 6 B 27
A SICICRE I A0 B SATEhRE ) R R, T E R
BFEHEARTE" . BT AD BRI A
B, E AT S = A R 38 e 25 ) 5 {H A R AETE 40
Wy Beiti AT K 2 I BT BB IT , W0 AN R A
(MCI,mild cognitive impairment ) ¥y B, 7] DL A5 %4 4E
PRI R AEPERR D M4 AR A R B I K
2 W T B, HA 2 4 R A B 4% ( sMRI, structural
magnetic resonance imaging ) Jo B H B, fE 4 H#E 7
2/ S ZEA S IR E Y RGN, B2 T AD R
WA RS BT R IR KT R T, KR
BT sMRI YTHSE LA B R 48 LU TE AD i2 W &%
SR

AR Ok, R E B BB 4 MW 4% ( CNNs,
convolutional neural networks) B 4 5 T I A HL4HH
By AD 125 RS, 2244 2D CNNs #13D
CNNs, #:F 2D CNNs (1975 3:°°) B M 3D sMRI
T2 2D U1 R R FF 91, SR 5 8 2D CNNs B
Mo EESK U R R, AR50 7 GO0 B2 il s 2
JE# A sMRL YL 25 540 SR A D R 4 nyi2
Wi, IR VE 20 T sMRI Y) [l 28 T
SR B A TR AR T sMRI R AEA 1, 32
TWRRZWitERE, 2T 3D CNNs By ikl
WK sMRI MR A HIMES R 3D & HURE
NG ST CIP S i3 A o A =N
TR RZEITIEREME A I 4T By 3D N4 i R
fiE, 42 TE T AD 2 Wk R 5 AT, B 4 4k 204 il
sMRI AT, IR 1 Hilm RN 5 .
TE sMRI AL 27 > F 3 TF 5 2 6] Ui~ A, — st
HFFEALEH 3D CNNs Ab 3R 35 e 56 0 THE 1 LAY
043 TG X (0, i ) 3R B sMRI
Pt DRSS A, AR, Xy i T
ToLAE S TR R B B, HL R 2% i IX S Ak
PRSP, Anfer e it — i B e A SR B CNN
ZERE LA B R sMRI RAF 22 2] T+ AD
WA AT dE— 2B ST

BT LB ABEFEIR T —Bh R %45 R

%% ( TPN , two-pathway convolutional network ) 4244,
K sMRI RAE AR U1 1y KR SUE B A R |
FOCFER, PSS B R A0 sMRI R AE%: 2] TPN H
3 A TR A VDA BR A | BB SCES AR 3
FRIERL GBI, U) R 42K FH 2D CNN, LA~ )
F P SRR T SC, SE T ARAR Y Fr v BEARARL, X
Xof i AR R AR B D) e AT AR B LAREAR T 5T
HZHEAMY T SCEEAR R 3D CNN, 221005 5 R i
AU USRS U) 1R 3¢, 38 5 a2 3 T A0
HHE A, A N RRE A RAE TPN 1 21
RERHE BT 38 5 A i e 5 HL AR R SCfF
RS BY) g aE SUE B, LA 8 sMRI RAE
ARSI AR BIF 5 A8 B % o T8 RO i 28 AR A8 1Y
( ADNI, Alzheimer’s disease neuroimaging initiative ) %{
etk EXP TR A AT Tk, 4R R H TPN BB
g AR R AD S 2SAT 55 F MCL AL T30 4T 55 1)
HRACEFIZWITERE
1 TPN &i%igit

TPN il id RAE A 5 2 )2 IRl G o R U
sMRT H1-5 AD AHSCHYHA AR, Qi 1 Brzs , TPN
H ) F A  ER SCEE AR RN A~ [ Al AR il A
Hedl i, VIR BAR A A BRAR B RAE ) R LSRR AR
JEE SC; BT SO AR A R AR AU B LA 1)
A BT SC 2 R A E RS B — 2R 2 5%
B AME B R S B R sMRI RAE, HAK
B,
L1 MBS RME RN

Y1 R A% U0 i A2 T3 BOE i py U0 i R
i SE S ATAT AT H T PR 5026189 2D CNN 52 43
o VIR B8R — OB Hodm A YD R IR
RAELAC 7 (R 7 sk PTR bR i 1 skAPE A )
DL ITUARTHR. . X S FomY) i B RFE UL R
B, W R R sMRI B & Seoikl fr

RS O T T UL R BB A, BT SO RR R TE
T R IRI Y bR SO AT R B
FE. B, BT SCEARRA 2 MR D) mU R
SyHER BRSO TR A B AT R ISR TN R
K r/a(l <ast) YT R SRR RS of,
VIR BRI o £ AN, bR SCERAR AR RS [ 4%



%5 W DM A T UL A BRI 2 ) 3

FROE LG BB R DI BRI 12 W iR 107

@iﬁﬁ%‘ﬁm

Ul A%

9 0 *ﬁ 7%
i r r.---i---.:"c VA

[ 18 /Jﬁ*
fiEGR A
?

TR

MR

%*ﬁ% _

LILLLLT Y HW
fff - =
Wi

as”

Bl SUE ST

JER G PR AR R = U R B AR 40 Y
R SUFE R WD R T AT UI R 4 B AR SR AR
YECBIIn AL EOE R G  H 353 24 F Y 4R
Ak 2, 1 — 5 WA 11238 [ A RRAE BRUUR AR FF oS
KA, rﬂﬁﬂﬂﬂ% W R Y R TR R SO
AT 2) GE B A, BN U AR AR A Y]
ﬁé%iﬂi@iﬁ%&iﬂﬁ B(B <), Lﬁl‘mfr%‘%ﬂ:TL
TR EMRE AE B RN R T, AR T
XTI AT AE (B S 2 T3 52 2 B i
HHGEBE R R RO |
1.2 BHEMFHEREER

38 AR IE RS AR (UL 2) # B SOfF B
A EY) R R SUE B, DA 5R sMRIT EAF (14 4]
SRS BETHS WHAE S M fE . A IS N AR RS AL
2 LR 1) SR A i) — e i AL ) AR AR A 3 AR,
RIGPATHHE SIS R A, IR R B R SUfs B Ul A
PG SCAR J2 AR Wi 7 5 2 ) 6 R A5 1 i) Jo7 A, 39F
— L TR T A U R R 3E SCREAIE R e 1o 4
fEHATRG . BARIT

R 9741 B ) il P e T ) i e ) D
1§E XeRSxCxHxWW%r%%ETﬁ%_KjQERHWxng(‘
FTFXFR Y e ROV B it K e
RHWanx,BCﬂME Ve RHWanxBCO /E\:EF' C %%ﬁ#?fﬁﬁ
TG H, W 3 i R R E 7 28 (R 4E BE i = A oe . L
A, X/I\JihTU%:szjJ

=g, Juwxs =AAX))
K:[kij]HWan:*//{Y) (1>
V= [vij:IHWan =AY)

R 2% TPN 284

X st ers
- SxCxHxW @Llﬁﬁ:fi

______________________________________

LA N CxSxHxW
:'{Tﬁﬁiﬂ (=]

L+yB)CxSxHXW
VPCXSxHXW

*************************************

softmax

HWxSxaS Hasspc 3 i
Q KP

HWxSx3C HWxBCxaS

_______________________________________

B2 [N R Al A R

Hr.q, e Rk, e R* v, e R 3 HIRIR A HE
N N lEﬂ%’é%l, J B YI RG], A )
FORERMERIERER A ) FoR BB, Al - 1
NEHLHIKE 1 A28 if) 1) 5 R0 1 4188 X 4R A B o
1/ o7 [ | JE e X6 4 B vl 9 1) 5 A 9D 1)
EEAMRIM A EAE, B & LN SR T
AUV R, BAikH, h TR ¢, R F, e R,
IR ¢, S EAE T K, = [k, ,
koo ks IR SRS T 1/ /BCHR T v I
softmax PRECHEATIH—1L A5 2 7 15 17 i B AUE ¢, e



108 | 1= A N S S 4

948 B

R, e J A5 3 054 i B AL E XHE Y, = [,
Vi, ’vi(aS) ]ﬁﬁi‘im*i%é\’ ﬁ%ﬁu u@}j[ ;i’lo %/I\ﬁ

FERIRN
T q;rnKz
@,, = softmax ( B ) } (2)

r=¢.V!

3 B T LA R e o R
VRSB, B, ZESEBRR A T STk Q) K,
V AT A R R = [F, ]y eso B
Ja R T AEER KRS ¢ 191 x 1 x 1 R
ATl 2 70 6 750 30 05 4 0 5 A W, 38
K

i (458 o

R = softmax
VBC (3)

R=%(AR))
Hiof R e RPNV EGR RS0 BRI
13 SUI LT R, @ Fers sk T v KP 47 1 Ht
el K IS 2 ANERE, () o BT 445
3N EEEERE S REEN T x1 x 1 B )T —
SRS M B O R

2)EIEAGE A MRS AR R RV A R

SURRE X, B S S 2 3 3 4 Y B AT, SR TR
1AM x 1 x 1 BB A A AT Z e RSO0V
it T R

Z=AA[AX);R])) (4)
FLHR[ ;- ] FER T R

2 KB5EHH

2.1 HiE&E

M ADNI $04 E ( 7T 7E https: // adni. loni. usc.
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2.3.1  FEEZITEEREXS L

F 1T RL I EER TPN BT 255 1
A[LAE S, WFH 2D CNN, TPN H A7 Wi PERE, —
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3D-R341M) 90,25 +2.39 95.28 +1.45 131.27  64.03

32@TPN-R18 89.51 x1.41 95.72£1.10 5.62 12. 14

32@TPN-R34 90.99 +1.08 96.08 £0.83  8.04 22.25
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0.39% , FEERR(B=1/4) 5MEHEAER (B =
1/16) Z [H] /Y #E i 2% M 22 1.36% , AUC #H 2
0.63% , XfT MCI FAE S5, B ERAE (e =8) 5
BRFE (o =32) Z I8l B9 HER R A 22 1. 36% , AUC #H
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(4,1/4) 92.721.72 96.63=0.68  49.93
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(16, 1/8) 79.42+1.29 83.25+0.71 12.94
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(4,1/8) 79.22+0.99 84.65+1.26 42.31
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(8, 1/4)

80.39£1.13 83.89 x1.41 30.20
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o g - T B
A A TR/ % AUC/ % .

B/G /M

Modell — 74.94 +1.77 81.59+1.79 3.14 0.33

Model2 — 80.12+2.74 89.67 =2.17 4.79 21.80

Model3 80.86 +1.56 89.30+1.35 7.94 22.12

TR A
TPN EHFEE  88.15+1.48 95.79+0.36 8.09 22.33

HEN LA 90.99 £1.08 96.08 £0.83 8.04 22.25

85.43 £1.27 92.83 +1.53 8.27 22.58
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2.3.4 BRSSO
3 X T ARBTG5 30 T, B A 15
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F4CE T ADNI b ZFp 5T CNN 1977 78
AD 53255 MCI # AL #UAT 55 B 2528, AT LLE
L EHEITIEAE 2 WU 5 RIS, UL TPN %

fIEREA R AD AHOCAE B, AHEY) Fr R IX 389

i%&é%ﬂﬁﬂwL S, ™ B X R
GHEEE, A, M G, TPN W] JEF 2D
CNN F-H]FH ImageNet il 25, 72 36 PE o o 5 40 He 4
28 77 7% TPN FAEHERf T SRR 344 H A T
s ISR Ry i
#*4 ADNI##5& F AD 725 MCI HUFMES EK

SEHAELCR %
AD vs NC pMCI vs sMCI
SHEH Tk
HEWR  AUC #ERR AUC
Hu %01 2D 414 — — 0.772  0.815
Liu4El1 2D Y/ 0.900  0.914 — —
Cai %1°) 3DJKIX  0.859 — — —
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