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Abstract

Alzheimer’s Disease (AD) is one of the most common neurodegenerative diseases. Its symptoms
are specifically manifested as the deterioration of memory and thinking ability. At the same time,
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AD is a disease that is greatly affected by genetic factors. Without effective treatment, many stu-
dies based on single modal data for early diagnosis have unsatisfactory results. Therefore, based
on the two modal data of Magnetic Resonance Imaging (MRI) and Single Nucleotide Polymorphim
(SNP), the study proposed a new framework for multimodal ensemble learning weighted by proba-
bilistic classifiers. The device provides richer and more comprehensive information, thereby im-
proving the accuracy and stability of AD diagnostic classification. This research method is used in
the 5-fold crossover of AD vs NC, MCIc vs NC and MCInc vs MClc. The average verification accuracy
rates are as high as 80%, 76%, and 70%. The results show that the multi-modal integrated learn-
ing model proposed by the research, compared with the classification model of single modal data
has more advantages.
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1. 5l

BT /R % ¥ BRIE (Alzheimer’s Disease, AD) [1]/& — i WL ZRAT PEAT ,  H #i B B BA M Pk
R, AD [F175 B AR B 22 WK BB T . AD FR I KM LATE R AR 28 (I BEAI v 2 SR 4T 4 g 45 I T BRUR S
EA AR A tau), & FEHMZ K2, HEEICIZMERIR I /T, AD 250 1528k &
A2 (3], 1T LK B AR (b 38 R AR AR LS BT R T (A X R [4] . IX BLETEE IR R R AR, X
FRAS T 38t G [ 2545 1] AVE AR 28 M 10 S AR E[5] . X R A P AOks S mT LB I 33t (A 244%
FEARHL,  WRESEAR AR (MR & A E B R 524336 (PET) [6155, B mT LORSHAII S M B si, JLH 2
TEWE LRI A AD FESCIX IS, R R R IR, AR5 2 3% Hh O A e B R O I B
iR S e, o HLAE PET 48R, o DU BRI AT AR A6 7], BRAUG 4t BB R
AD H#55[8], I H CLGHEAT T 43 R4 RIEHT 7T (GWAS),  LLY% 5 A% TR 2 251 (SNP) 5 % B8 2 18]
[FI9CHL[9], Hao [10]% A4RiT T SNPs 5 MRI fiTE [t 5 AD HIEAEZ M6EE, JF% e TEEFEE
1) SNPs LAF5 507 IR A e

TEMEAZ T, 2T MRIL PET SSM& G EGEE, @E @RI, FHER4EEFB, i
FHZ R ENA[11] BEHLARAR[12] SCREIEEAL[L3]SEALES 27 2 J7 VR SR (R RFAEEAT A, BT LASIZEL MCI
HEALT LA & AD. MCI. HC [B][)53 25, (A DRI FHLER % S vk mf se i, % R B N 1/A) ik
H AD B3 PR B I K X 35k, SR 5 AL A 25 2] 5 100 X S XS A T A 2RI EAT 20 #T, I 5
BERLSRAFOH JCIRAS I T ES R, IR 7k AR REHUS AN I RCR, AR R KRR M. B, A
THEELROI MR O IR PR B 56 20 56, A BOGIR £6 7 AD AR5 1E % & A ik v AR AR B K 22 S I X3,
H AT 2R PR RO A ks S B AT AR, N TR ER ROI Fh Al fE it — 2 B AT 6 % R BLI A )
X3 HK, AN TEHMTRHESRICAT BE 2 2 B ORI TR =L B, 520 AD RIS Wig R 5o,
N TR 53 TR MG X 38 75 B B K ] [A) AR RN A o T Y B AR B8R 50 T T AD 2 Wik 55 J5 1
WE T AD CBIESSAH G B AT S s TPk, IXRP N TRk 7 AR AT RBR Y, ARef 3ot
¥ AD FH G4 SNP s phik sk, HEMisZmmis gt 1.
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TR IIVEZ W LR, R TR ST RHL A 2 ST B, &R B 2 PR S 50s 1015 B R 1 o
AD ZWr P RE, HIZ4 vk, BLHT K 2 8T AR AR h 8 7 B BUAR R 8 4% B30 2 18] B AR OGP [14], T
KPiZdaMT AD SWER /D22 5CE[15], F&T U EAAAER R e, W FUal ¥R B2 2 2] 77 i A 3 i
B MRI G AEIF 456 SNP KU 32 ) —Fh 2t TR 20 REVIBUI 2135 AD 73 BT AD (912
.
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2.1, BREMLE

T FE 2B CNIN JE IR I 28 46 1) ] 4 v 9 2 FRRFAE B 3025 ) PRI Be 70, (815 ERMBURRAEAS BT LUl
2 E AL B AR S, TR E 2 B ROR, H 2 R JZ IR I 2% RERE TH AR SOy, — AR Ak i) i O 40 2%
Fa ok BEAE ZSIRBERIE N, REEEISRNEAT, SRERERLL, WsCER[16]F ik, AR IEAZ HiT
FEME SRR, A iR AR I 2 1 B RBCE S 2R % . R ERBRERESES,
PRI RRAS R, ToV28 a2 IR0 BE 2 ST Y P 35 (R R BRI RE AR TSR, TR JZ IR W 2 A 25 7= A3
PRI, R, RN BRI, Mg tH AR T INFE AR AT 40 SR I WX 28 4 R 25 R T5 SRR B2 [17].
T Bk 72 W 2% [ 18] A4 tH 2 B T A e IR 28 3R K PRy [l R, AR ST A FH AR ZE i i 4] 1 s, |l 2 N6
JZ(Convolution Layer, Conv), 2 4JH—4L/Z(Batch Normalizatoin, BN), 2 /MIEZk14: #8402 (Rectified Linear
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Figure 1. Resnet block
E 1. FRERR
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LRSTATIONENL A CA ., EIG. . WS 2 M IUREUE B, oIS B AR S, T
SRR REIRAR, AU (0 2 2R3 XS, BB AD OB AR . 2 B A 7 2 L -
BARACPRS . RIRIEA . RFKTR A . BURATR A Rk A R R EUR & B — A2 — 1
SR A T N BB ey, o ) A A SR S IRV RS OB S B A P R R 0, T S5 g o i) )2
HEATAL A s PR A 4 R R RS AS BOHE 4 BN 250 10 40 S 3Rt AT 40 (PR AT R S B
STRAE R ACE R T 13 4 5 ST 7740 MR 29 SKHE 15 SNP 4 SRR 474 1l M T 3575 L B/
2 ] SR UT ()5 ST ROR
3. MRI 5 SNP S ERER

AR — BT MRI R SNP 3 (1 BsE (MESE 43 S S B B S, RSS2 ios.
SeAERAR T BT T, P UGBS J5 ) SPML2 WPk b T A B, BT — 2 T, 3R7R
SNP A8 PLINK B0EHET GWAS 40 Wi HEAT 42 55 R 4L 551640 0T 45 81 SNP Bz s 8, b BE AT 1 1%
KR AT SNP B 43 BRI 43 2 B8R, 505 HEAT WA BEAS 20 S SR (B A
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Figure 2. The overall structure of the recognition model based on the fusion of MRI and SNP is proposed in this paper
2. ARLEHRELE MRI 5 SNP RIRBIE R 24454

3.1. MRI E 453585

3.2.1. MRI $EFRAbIE

ASCHIFA SPM12 A1) CAT12 T H. A5 (http://dom.neuro.uni-jena.de/cat/) k47 G FAL FEEE 1 . THLAL
PR R EAHE L SkE BCHER] MNI ARdEs i), BUECPE, HAAARmAR AT RIS 05 CAT12
THRAHMEINSH. 21 SPM12 BAHEEEJE, 15200 A BUE R NS 121 * 145 * 121, 736 73
915 mm. BEEXEEA MRIBEUGEAT KB A —4b, A~ 523 i B A = AE 0~1 Z[A]. A MRI
BB GEIE TR 4B, LR EX =480 MRI BEUGEAT U A 403, HUEHE S MRI
B K/ A 121 x 145 x 121, FALEERFER WA 3 Fis.

aff

» REP—% — R

< MR JREEE& e' =XE, B —

Figure 3. MRI Pre-processing process
3. MRI T4 A

3.2.2. MRI 4r3s8

ASCAE I MRI 23 R SRS/ Q1) 4 fos, TARBE S MRI R — ML E V) i — A5
SrRBHAT NG, NSRRI R I IR B AP ERE, AR 45 Rt AT HE P, Phidk tH =AM 4
Fedko

o A FE (23 S AR A b — AN MR (Y CNIN ASEAEY, 7E Wang 2523142 2119 8 22 CNN 451 2 it
EEEATRE MBI R, 4 3 AUZ (Convolution Layer, Conv), 2 AN Z 15 (Resnet block) L /% 2
423 HEZ (Fully Connected Layer, FC)4 %, BR% 1 2R, Ja = EEPUZ U ZE BT
(pool)E:AE, RH softmax bR H0H i Jo — 2 445 2 /NP 28 e HE A 31) 0~1 Z ) S — 4028, High
sl 5 froR .
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Figure 4. Overall structure of MRI classification model
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Figure 5. Structure of MRI based classifier
5. MRI B4y #3454

3.2. SNP E 428

3.2.1. SNP ¥iEFsLE

SNP J5 e HE PR B4 DL PLINK  [201 5% 44 (1 A vk Hic i 4% 20K 32 3 #5015 B AR RS BRGS0
Jy.bim. fam. .bed FI=ANSCHFAR, A T GWAS X SNP 54536 DR 5o 35 17 T AL HE B SNP s fri 4k
B, RRBR TR ERAEE, b T IURAE B RTE s R e 22 S 1R 00RS B2, 45 211 SNP A7
REARIITRMIGH 0, 1, 2 (AA-0, Aa-1, aa-2)f3%| SNP Hinde. TbERAREWE 6 prx, FidfE Bk
Wk

1) MRl & ik

R T, BN TFRFR R — SNP LA, 1 GG, GC, Hrh GG BT 444, GCJ&
THRER. RIS FE, EERBHMAT, NEFEARR A A SRR, v DL R 5 B
ANFEE A Z R 1 7 B i

2) MRHEAL AUER R Ik

T R B R R R WA A 5 TR B o i 1) — N EE AR bR, AR — MR R R, ISR B
GREARBAE TR 2, TR DL JS 20 1

3) ML fUE BB R 2 i ik

FL AR BBV IRTEFTA R, 54 SNP FIME BB, Wi FA SNP (M5 BEVR R K,
MIVEER 1% SNP I i &2, A& THTREE T, #MBRiZ SNP 5 8.

4) ¥ Hardy-Weinberg T4 &

Hardy-Weinberg ~Ffi & B FRIBE AT E 1, R AL I E IR . — MR ERERE (A%
FRE M THRE R, WAL REE. REITE . RAZEEERNEIR), 22 /MR, JEE
2 15 B R BB 2 (R R E E I A T A8 B PHEDIRES

5) HRH B AN P11 T
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T4~ SNP 1EAMREE).

6) R AN AT 1 i ik

B R R R A (T M, R AR ) SR B A A 1) 3R 5 0% 2R IO SR AR I T) — AN B AR 11 s
KHT 2K, KBaFESNP W0 fdFdE AR, o Ri-AdmE. BERECURNG 25, %
TREAAR T AN A 2 1] 92 DR 4 RS2 P AR BURE P P 01k 2 s BV A I % 2R 580, E T LA e e A /1 A7 T 14 3 A A S
T2

7) KRBT

7E GWAS 1, RAFEEFRG PR T, £—FREHNIER, R SE. KE. 8% £ e
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Figure 6. MRI Pre-processing process
[ 6. MRI TRALERR#2

3.2.2. SNP 432§

SNP 732825 (1) 73 AR AL W] DA FH & Fh 23 2848, nBENLAR AR (Random Forest, RF). 3 #F 1 & 4/1(Support
Vector Machine, SVM). K it 4l (K-Nearest Neighbor, KNN)&&7p S8 . A ) SNP 732K 88 % 3L T
PR (AR O B AT 20 25, BT A FH () 4 R B AR5 g of P 12 7 4 SR A (Gradiient Boosting Decision Tree,
GBDT). 5| 55% 45 7% (Bootstrap aggregating, Bagging). [ i& M #2 T+ 5.7 (Adaptive Boosting, Adaboost) (f#j
FrA GBA).

T FEE HR TH R SRR S0 — ik AR 22 R SR SR I [R) e SR ) B0, 1 RV 400 % R 5 A7 B AE 24 i
B PEAE R ZE I ME,  SR)E AR ZE IR ME LA tH— AN A, 5554 A 15 21 i 45 S AT 20
HEMIAS 3 B A1) 45

5 FREE LR — M IAT RN 207, I8 B BRAERD I &) AT AL 4 2 N IR 4R,
SR EET A 2R 2] 8%, B Rax B 2 2] SR IEAT 45 6 W U 44 93 2K 4%

HOE R T SR — s A, @ F—MIGENEAF MGG 0I8s, R LG R
HiEER, MRS R R R AR .

SRR 7 B .
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Figure 7. Overall structure of SNP classification model
[ 7. SNP 53 J4R B B A5 [E]

3.3. ETHESAX[MHNERFE

MRI 45258 15 SNP 48 KR ISR, TR 2 K B RS AR 250K, AL e Sk B s 7RO AR
AR A PR TS 1 51 S0 T ST RR20] B4R O 5 S TR T 5, A4 C = (M, M, -, M, )
SR N MR, S KR C e (Ali=12 kb, M {p, pye, b} ={0,,0F . Bt
SRR | KA, AR 0.

VAR SR REA S x, X TREA X, 5 T AR

p; =isigmoid(wj)-p(y=A|Mj,x) @

1

sigmoid (w) = I
+e

- O]

Horbr wy FOREEP KA My OB, AZAE R RS HOTERESR bR, FEUIZRIT Be 4l AU th ik SR xt 7 6488
MIPEREIPAL RN, I PERE VAL 8 I 3k 7 SRES I HER %, p(y =AMy, x) TR ANBERAEA x 52y 2RAE
M; bR ATIRESE, BT SNP 202888 5 MRI 2r 8288 45 B 2z K, i sigmoid R 200 FOAUE

BEAT P Ab
B A FONREAR ISR y, Wy AT E -
c=argmax,_, ., p; ©))
y=~A 4)

Horp ¢ FoRIONBF N ERERRZE ¢ MBI
4. EWE
4.1, HHESE

AT ) I HE 200K B T BT 7R D BRI 1 22 B AR (ADNI) £ 478 2 (adini.loni.usc.edu) , 3503 P2 A] 72
%) 3t (https://ida.loni.usc.edu/login.jsp?project=ADNI ADNI) A FFKHL . ADNI $d 22 £ 2 80h TR T
IR AD P50 AT HART BOT R IO T 48 5t DL AR FUAEYIFR e BRERIE PIAE IR A 7714 . ADNI
B8 A 9 O At AR N SR R

A ADNI HHE B T 760 44523808 1) MRI EHEEHE LA KAL) SNP R as R 4, AT
RGP INZREE . MIRAEFIGIESE . L b SO B R R BRAE GE v AD) I SZ IR ABC 171 A, IEH X IR41G
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NHOWIRZ R # NECA 214 N, BEA AR HEH 28 AD (i MCIo) =il & ANEch 115 A, Bf
NGRS HARS5648 4 AD (it MCInc) 22l 8 A0l 250 N. 2R & VEgIME B n# 1 fr.,

Table 1. Details of 760 subjects
& 1.760 ZRAEFFMER

Class AD HC MClc MCinc
No. of subjects 171 214 115 250
Males/females 89/82 113/101 55/60 147/103

Age range 56~86 60~89 54~86 56~89

4.2. KWHERSHIRIT

ASCHISEIRTEFIAEE N CentOS7.4,64 M {E RS, 92G AT, CPU N E5-2640 2.00GH. A3C# AD
F R 02 2 N = AR R 202 . AD vs. HC. MClc vs MClInc. MClc vs HC., $4> —432sk
B0 HCK F HRER 2 T 0 R IR R A AR SO TR HE R AR . R AN KSR IR IR 5 A XURAIE R T
HERR DI GEMMRE, S R H SN 5 R, 5 RS I T840 J5HER R TPl A
BARPITERE, KAEEAS SIIZERE, EEAT MRIZ 2R3 10HEF DRI 43 823 11 BEVEAl LAZK
PR FE & 7 AR B E

4.3. SEWEER

FEAE 2 J7idA HSERG R, RSO KPR ZE M 5 B 15 55 SR i AD T2 7 i AT LS, DA
KU e itt, HPRARSEInaf R & 2 Frs

Table 2. “Method-Comparison”—Comparison of accuracy
2. “HEIH” —EHEITLE

AD vs. HC MClc vs. HC MClc vs. MClinc
PCA + SVM [22] 0.76 £0.11 0.72+0.12 0.66 + 0.16
2DCNN [23] 0.77 £0.05 0.74 £0.07 0.55+0.09
2DResnet 0.78 £0.05 0.75 £ 0.05 0.68 +£0.04

7% 2 H1 PCA + SVM 1R STk [22]42 Hi 1% T 3 43 3 (Principal Component Analysis, PCA)F1 3 FF
] AL (Support Vector Machine, SVM) 2R s — 4 A4 42 ¥ 2% (two Dimensional Convolutional Neural
Network, 2DCNN)fCFR SCHR[23]#2 H! 1) 2DCNN 258, 2DResnet ARGEASC T Y 5% 22 M 2% 503

MFE 2 5 R AT LAE H, 2DResnet FISCHR[22] % N 5256 I HERG 22 A BT, ArdEZER/N T 2 —
FoA, RFEBIMFEMSES TR . H4h, ASTHBIATEX MRI TR . AFS®, AHER
HoAh T 004 oy JRRAE, TG T SRIRVRAR, S TN TIEBURHIE R SR N TR RGeSk %E
BRI ] DLBE A R A F MRI A 5 2 s (1 23 (B B BT 6L 75 IR B 2., 177 PCA + SVM B2 I 2144
MK E AR ; 2DResnet 15 3CER[23]42 Hif) 2DCNN BERUMILE, =219 285208 (1 0 FUER R B4 12T, 3L
H1 MClc vs. MClnc iX 20 SEER$R FHECR,  H 5 IRSEIR S5 RIARAEZETE /N, R Bl R IR 22 25 40 T LA 353 7+
AD FLHIS S 2 (v 2 A E

T3 JTENT HESEES Hobs FU IR AR SCRT R HE (1 2 A AS AR U AL b PRSI Y R (v A 28, DAk 13 B
LR A, PR SRR 45 R 3k 3 i,
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Table 3. “Method-Comparison”—Comparison of accuracy
3. “HEIH” R

AD vs. HC MClc vs. HC MClc vs. MCinc
MRI 0.78 £0.05 0.75 £ 0.05 0.68 +0.04
SNP 0.63 £0.04 0.62 +0.05 0.59 +0.06
MRI + SNP 0.80+0.03 0.76 £ 0.04 0.70 £ 0.05

2% 3 7 MRI AR A ST FH A% 22 I 48R TR, SNIP AR 2R 1K) J& A< ST F 1) SNP #5754, MRI+SNP 4
AR LA AD 4328, 36 3 45 R BMIEE HE4E A SNP $di 5, —ZLSEIb il ah B 5
A MRI B4 AR L ER A Fre 1, UiBH SNP BURE e 5t AD 2 Wt 204 Bh7EH .

5. &R iB

AT R 2R R BOIE ) T2 W Unl R R, T MR A SNP Hfs 5 H — R o 52 i RO 7
REF MBS AT, R0 FIA ST th S B R i, RIS PR A Al 2 AN AR 7 T 5 RS (A
LA A FRE RIS, X BTSN B W B — € B R B L, (BT IRARAE — 25N 2
FEA JE BRI TEr A AR ¥y e 7y SR AR AR B S Bl D7 AT B0t s DU — P4 my R 7 S
BRAAENE, Rl R A IR TS AD BRI AR S o

E&UH
AR LG T (61772143, 61300107); | i RH 1141751 H (201804010278).
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