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— ULt BT 194 6] AD 123 5] B 409 %% B DN 1% 15 (late mild cognitive impairment, LMCI) 5 105 % 1E % % 1k
(normal control ,NC) ) sMRI, iz FURFIEIE RS 5 > B J7 15, A28 3t ) TR B2 4 RS ) —— AllexNeet. P 2 B B B 52 10
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Efficient Alzheimer’s Disease Classification Based on AlexNet Model

ZHANG Baiwen, LIN Lan, WU Shuicai
(College of Life Science and Bioengineering, Beijing University of Technology, Beijing 100124, China)

Abstract: Alzheimer’s disease (AD) generally results in irreversible brain damages. Early diagnosis of
disease plays an important role in preventing the progression of AD. Deep convolutional neural networks
(CNN) have achieved prominent performance in the field of natural image recognition, while some
problems exist in applying a classic CNN model on 3D MRI for AD classification. To address these
issues, with 194 AD subjects, late mild cognitive impairment ( LMCI) 123 subjects and 105 normal
control (NC) subjects, a hybrid computational strategy was proposed based on a pre-trained AlexNet CNN
model and sMRI for AD classification. The feature presentation of pre-trained network was efficiently
transferred to AD classification task by using transfer learning, 3D features reconstruction, feature
reduction using Max pooling and principal component analysis (PCA), and selection feature using
sequential forward search and (SFS) method. Then, support vector machines ( SVM) was applied to
classification. The -classification accuracy values on conv3, convd, convS layers of AlexNet were
89.93% ,91.28% , and 87.25% of AD/NC, respectively, 80.77% ,76.92% , and 78.21% of AD/
LMCI, respectively, 72.46% ,75.45% , and 73.65% of NC/LMCI, respectively. Results show that
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features extracted from a classic CNN model and their 3D reconstruction can achieve good performance on

AD classification.

Key words; AlexNet; 3D features reconstruct; Alzheimer’s disease ( AD); structural magnetic

resonance imaging (sMRI) ; transform learning; feature extract

Fr] /R 25 16 BRAE ( Alzheimer’s disease , AD) 25 N
UL A2 R AT . B A e T F
2050 4F, 42 Bk AD BFEHFILF] 16 {2, HHT AD
() R IR AL 8 AN BB, — 22 & BIME DL 3i . {H AD
— R EA B B IE R HT A REAE AD R & BUJF
S A8 T ] B3R T T I, KA AT RERESE AD 19k
g B TR AR R DN N R A% (mild  cognitive
impairment, MCI) J& /> F AD 5 1E % # 1k ( normal
control, NC ) [\ — Ff ff [BIR 25, MCT 28 35 #5000 /2
AD FE I S AHED . (A AR R AR A
51 R IR A7 AR e BRI i 2 ) e
VIWERR X 43, 45 ¥4 1 He 9% K114 (structural magnetic
resonance imaging, sMRI) Pl JH: X i ¥4 20 21 fige 1) 225 4
BRI PR, HAA T KR 5 JBEFEI
B Z T AD B2 W .

WE & B M2 W 4 ( convolutional neural
networks , CNN ) JEAF R AE UG R B G RIS | 5
Wiz F T B 2 UG ST Do vh . M AL 5t
P27 BT BT TR IR SR I, TR B 24 T 1 5 12
AMBEREAS e I —LE V8 A (1598 R AE, [m] I s 1 T
TARIBUBGER DI AR R 2R | sl B sl 20 1 A AU A
AR AL IR B T TAERCE . T sMRI
S YRGS B G E R R e BT
=YERY CNN FEAY. H SR 3, = 4B CNN AR A
H TR A E R A . FEUR EE 2% 2 iR, $idls 2= 0
A — M E S, CNN F7 2K & 1 85040 k47 B0l
Yk MR REARRH T/ T AR BRI ECE.
—HERY CNN B E AR T 52 24k 2 I A S
Z S KA | XE LA 58 73 A 45 = AR Y A I
Hosseini-Asl %732 H] [ i 515 =4 CNN 4551
T #EAT AD Jp KB, 72 AD 5 NC Hh LS T
97. 6% WY Ir RUERH AR, S ZBALIAG T I8 5 19 1
fiE, HE e 2k = e A R i A A S b de AT K
Ik, A RN HONGRe 196 RS FH A = 4ERY CNN
BRI X RPN 7 2 AR SR AR T
BRI A R, o —Fh ] A7 B 5 5 2 AR M7
ImageNet %5 1) R R 52 P51k % € ( ImageNet
Large Scale Visual Recognition Challenge,ILSVRC) H'

0 T A 22 i 4% A AlexNet'™ | GoogleNet'”
4 S dEfT AD MCI 5 NC A9 4326F581"° . Sarraf
A= 3 B % R BE 2 (function MRI, fMRI) Fi
sMRI 4 Jy — 4k (NS YRI5 53 514 A LeNet-5 >
F1 GoogleNet H | 3 13 X 25 $HL ) 28 455 70 f4) 1 % 11| 2R 5K
BXF AD 5 NC 4r25. %778 IMRL 3R 15 T
94. 32% HIHERAR 1E sMRI 2> 2 it R rh s — 4
KEN98. 7% . AHIZIT I — AT B G RB A % 1E
B [F)— 21 1 =4k sMRI Y1) 6] 47 7EAR =5 19 25 1]
AASCHE , [ fMRT 2 5] F AR A7 75 I 8] 02 () AR G
PE. B3R, T00I0 A RN G0 TE A IR 1A AR o i AR DG
SEBRAY S FA R I A RRAR A M B AD 1 53 2 2
5. El“(lg';ﬁ%m]iéﬁﬁ AlexNet N 3455 AlexNet ¥ 2%
iRl AE AD 5 NC AD 5 MCI.MCI 5 NC #5302
3 EUAS T 94.70% (97. 10% . 80. 62% 1Y HEH K.
RAZAF 5 IR AR A2 A 25 18 sMRI %5 ] AH SC 1 1
-

7E ILSVRC BRI 28 BUAS R rp 22 3] g AL AT
TR A A B S AR A O W 2 R Mt pE. A
SCHT NC MCI 1 AD £ sMRI Fl CNN H it 25 L5
A AlexNet, iz FIE RS 2% > 09 )5 v 2 BURME R AE , B
AT =YL TR 2, 2 SR 45 S Pl S 7 Be e vy
SIS AD MCI & NC 53285,

1 #MEERE

L1 FARMKREEERN

RHFFEZ NG 422 ZAEIETE 55 ~90 2 1Y
BN BRI B T B R 25 1 BRAE o 22215 0T
X ( Alzheimer's Disease Neuroimaging Initiative,
ADNI) B4} (http : // adni. loni. usc. edu/). K
& ADNI-1 [y Bt 9 %E 22 “ ADNI 1 R i &) i 5
( ADNI Grand Opportunities, ADNI-GO) 5 ADNI-2 iy
Bty AD (B f MCI(late MCI, LMCI) 5 NC 3Zi{#
(1 HE2R (baseline, BIE5 0 4~ ) sMRI 045, &2k
Y TCANAR SRS FB e , T AR ADNI Y ZOR H2 52
PR BE T B R 4R | sk A2 1 52 T B G ol
%% ( mini-mental state examination, MMSE ) Az Ilfi FR %
AR PEI % (clinical dementia rating, CDR) PE. SZ5G
X G BRI 1 TR,
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Table 1 Characteristics of the subjects
RN R HERI(B L) iEe/ % HHKF/a CDR/ 7y MMSE/ 73
NC 194 90/104 72.4 +4.9 16.4 +2.3 0 29.2 +2.1
LMCI 123 67/56 72.1+5.5 16.4 £2. 1 0.5 27.4+1.8
AD 105 59/46 74.4 £6.2 16.0£2.5 1.0 22.9+£2.0

BE 4 R AW %348 Philips 3. 0T MRI $14# 1%
& T BT T A% R = 2 kD B [ 30 B 1%
MPRAGE, TR = 6.8 mm, TE = 3.1 mm, FOV:RL =
204 mm; AP =240 mm; FH =256 mm, H#iZE X
1.2 mm,)%ﬁﬂ\j 170,14&%%7\7 1mmx1mmx1.2 mm.
1.2 AlexNet W4 4544

AHIEFE PARFIEIE RS 27 2 fl FH %) Sl X 48 A5 78 Oy
AlexNet, Z5F {8 1 fir7s. AlexNet N 8 JZ2 W 45 4%
RS B RERZE, G 3 BN eEEE, Hdh 2
EERAE S EEBURYIRMbZ, -1 EH
PR ReLU SG sREL . K/ R 227 x 227 (1
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<\ convl conv2 conv3
2,.7\ <

RGB =i i K114 iy A AlexNet, 43 9| 85 T 5: FH
ReLU #ifk JH—fbidF2. HA%H 1 JZHEFEEY
BRI R 11 x 11, 0K 4w AR B o 8 St
b, B 2 WYl 3 M shE 1. 2 28
BUSRER BRI R 5 x5, K 1, itk X551
E—8 &l BRI R 7R 2 R/ NE Ry
T 13 x13 x256. ZJaH 3 NEMEY KL
FKAWNR3I X3, KA1 726 S ZERUSIRA 1 Ik
Ak, ik =C5ET 2 B, 20t 5 WOERUTHE,
AL EUR B RHE AT I R TR R RIS I B A 28

FRIERME B, &2 ERM M SEUN R 2 i,
convéd convy fc6 fe7 fc8

11 />
11 .
A227\> 55
WMAZ 3 L s
4096 4096 1000
K1 AlexNet FIZ545 44
Fig. 1 Structure of AlexNet
<2 AlexNet &S
Table 2 Network parameters of AlexNet
B3| FoR LPNTNGN EEY A AN Linga

MAR input data 227 x227 x3 NA NA 227 x227 x3
B2 convl 227 x227 x3 11 x11 4 55 x55 x 96
wAkZ pooll 55 %55 x96 3x3 2 27 x27 x96
HHZ conv2 27 x27 x96 5x%5 1 27 x27 %256
Wik 2 pool2 27 x27 x256 3x3 2 13 x 13 x256
HBHZ conv3 13 x 13 x256 3x3 1 13 x 13 x 384
HBHZE convé 13 x 13 x 384 3x3 1 13 x 13 x 384
B2 conv5 13 x 13 x 384 3x3 1 13 x 13 x256
A2 pool5 13 x 13 x256 3 %3 2 6 x6 x256
Uz fc6 6 x6 x256 6 %6 1 4096
R fc7 4096 1x1 1 4096
R fc8 4096 1x1 1 1000

1.3 EGmaE
TG s K 25 4 2 - AD 5 NC X4

AT ZLARIE " A 5T N AR R B 5 2 (voxel -
base morphometry , VBM) [ 77 7% , 3& T 32 1034 4 ki i)
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T o PR TR R AT A 100 4 i ) A I % 2 TRl A
Matlab2015b ( the mathworks, Sherborn, US) Hiz 4718
A T H 4] SPM-12 ( statistical parametric mapping,
London, UK) ¢, FEHHEA . DICOM £ img +
hdr A% e Al s o i A 32 10 1 11 5 s lEﬂTT{Eﬂ'Jc
BN GE— AR ; PRI 2H 2L AT 50 %) SR BOR B {5 5
12 Dartel T EA8 " ¥ A0 3238 & FUR KR %R,
IR — YA U R B AR HE A T BC HE | =22 S5 R A TG
HE IS R B A5 28 AR, B 2015 B fe ol
P BT A IR 5 UG A A B e A AN, R 51
BRSO 8 mm (R IR AZ. Gl S K
ﬁiﬁErgl,ﬁi?ﬁ{ﬁﬁiﬂfiﬂﬂéT*Hfhéﬁf)ﬁ%?g{?ﬁ.
AlexNet 155 A BB ST 2 227 x 227 ) RGB
SOEIE. At R R TR B R R A R BRI X
(L2 EUR I HEA T (8 Y D0 S e S0 B LIS
& AlexNet 1 M2 4 A 75 oK. 7 SCR 9 2 B for
{5 A M5 753K, %18 E AD 5 IMCT £ %
AT T IR JBT DX 38 AT S5 X T SPM-12
A R B B P ) ok B b TR B YRR AE 2 B
REWTTE b NI 2 X, 5800 2 Al Lo (R B
A TR fi e 2 DA T i D B /DM S A 33X 26 X
BXF AD 5 LMCI 23 80 AU, o T R 224y
R 2 8 3T 8 R TR RSO0 0 2R R RIRG BT ok
ARSI 3 223 ] XS AN URR X el 25 | eI
A B L2 TE BTN 65 Fl’i—ﬁ?ﬁfn JSERER LY E]
P& 4l RGB =3l 1 1 Do
1.4 ET AlexNet E@ﬁiziﬁﬁ%m&ﬂl
FAESRHUS 1T H 454 « Ubuntul4. 04, CAFFE %
FEs 3] F &, B B CUDA 8.0 ¥13%, GPU 4 Tesla
k20c, W77 0 64 GB. Hf P 1R B A 1155 Il 45 4
AlexNet #5RY B AR N B9 288, 178 2R3
Wt 2 S — WK BT 8 4 A AlexNet 52815 §i2
BURE ] AL S s . AR IR AR I A 2 ) 1Y Dt
FRUT T2 T A B2 — R e Y S
Bihs SOREER R 2(a) s L2 EEEN
i i A AR — P S I 2 PR A 5 {5 S, X A
et g BA R YE R 43 KRR E. 7E AlexNet
— BN N conv3 convd convS = EFUZREHIEZ
JE BRI N 2(b) ~ (d). B Z I
ATPEAR IR 2 Bl B 3R B9 ITUF AR Ui A AlexNet
FEIURFIE AR5 AlexNet A5 Y 280, N 2 FiR,
B4 — 2 E R AE conv3 . convd 4R 1E 4E B 413 x
13 x 384, conv5 FFAELEE A 13 x 13 x 256 , K¢ 337 57
T I RRIE AR f 4 R 65 )= HES Y 5587 20 1 —
ZYERE.

(d) convS4FAE AT 44k
B2 AlexNet £ /245 AF $EBUR 5

Fig.2 Example for feature extract using AlexNet model

2ot AL G W RRAE, B0 2 3 H AE conv3 Al
convd FUHFIEZERE#R K 2] 140 J74ELL F (65 18 13 x
13 x384) , M EJa 8/ 25, A M FEAR B A 2
400 171, K AFE A RRIE 2 BN (H I K FREAS B i, 1T
BAFER Z 045 B, JoBE S0 5 224 2 i 4
FEICHE . PRIIE X AR 1E F 5 AlexNet Hr—FE RS
MR Ay pr
1.5 45{EpR4 5iEF

FFEN AD 5 NC ., AD 5 LMCI,LMCI 5 NC =
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A PEFT 42K, conv3 convd Fll convs BIRERHE
et A R A A5 R HE BARTE R — 2 47
PRI, AR I T8, I AAS BG4S
conv3 .convd I convs FYFFIESINE T —H M0 36
FROE. 76 FRE S Ak e 5, AR 4k AR B AR R
I Y A R MR A, (H AR T R4 23 220 09> AT
A TR E RIS 8 R T o AR A B, DR AT 5
SRS A S AT T ARRIE R | PRI R e
ISRy AR IR

AR AR .

FBW1 1z ] 853 53 # (principal component
analysis, PCA ) X451~ 70 20 1) s G R AR 2E 4 7 R 4
PCA BB 42 M AR Lo M 20 A 19 5 v ) 38 A O Ry
ik, ol B P o 2 AR AT It S SR, I B o o O 4
TEAR B, FTLUM Z oo Sy v S04 b i 7 1 2 22 52
MR E P PCA BT AT L RS A AR AL
s BIME TR 7 2256 1 ; THRARRAE ) & SRRAE
{8, T MURRAEAE R/ NHERY 5 FRAR IS 24> Ty Rt
8 DT AR AR/ INEE IR B o3, DT A 21 B4R J ) 6

2 iz TSI % &R (sequential forward
search, SFS) FRFIERE. BIRE L — BRI B8 0%y
EC 4% I TTHR R I MR HIF A RE UL B DTk 3 g
PRI T4 TR I A GrdmefE. PRI R ok
PEH SFS W7 AE B> PCA J5 943 24 )1 R4
H RS EA TR AR e R, SFS T A bR B8 R R
P AR —Fp LR HE 00 R R
P25 3 32 0 S PR A4, e PR AL BEALAL S
Bl I Z I EE N SFS FRF e £ X 2 J5 43 e
MIZREE. SFS FEIMR A BRA . BN EEIT R,
2430 B R A AR I BB R TR R Bk
2, BB H bR PG A B E O IR 75525
TPEPRARFE R, R o Fe 2 R AR H AR AR 1R 43 T
R R AR ABAR A WP LA B Z2 /DA RAE R
JE SRR S R 2R B e Ak

H] 3 iz H S FF 1 & AL (support vector
machines, SVM) ¥ i FFE 73 26 4%, & ] LIBSVM T
BALP 5 LR A% R RO 45 53 S AL 43 B AT S
XK. BHEMYS Lk SFS Bk —S T EA1E 12
B HRZE Y . &5, 51t SVM 95y
AR AR B AT PEAR .

2 &R

B B conv3 .convd T convS M85 4H 4T
PCA [54E {7 B DTHRBEAEHT 95% MIFFIE. £33 PCA

J& A o3 S A B R AE AN B /N T 328 A4
{EZ BTRR B A HEA I N R A5 W T 0 255 B 1 HE4
W 3 frs, 78 conv3 1 AD 5 LMCI 432841, K 3
(a) WS — TR i sTmoR b 2 3 13% , HE4
FIRT 50 A~ 32 A% 4 o5 B A 3 4 sk Rt R 2
50%. M 3(b)ATLAE i, AD 5 LMCI H-JCH B 1Y
Gy UABTRIESE — E o 588 — E A B
ORISR, BT AT BRI SRR 1T SFS 1Y
FRAEESEE, AD LMCI 5 NC 44153 Bl e BB pLAL I
(1 75 1523035 VR N 2R 48 LR B4 a4 | 45
AL SIMRE AN BN R 3 s, RPEE 2k
21 SFS FEIRMIE LR, KEYLES 20 DRHERT B
WRATRRIR B AR, HiR 5 LA E . conv3 1
AD 5 LMCI 43284 P SFS #5i% 0 2 R 1 4 it K
WK 4 . FrLAXF 3 A28 4 SFS ¥k H 20 4
FROIEVE R — 2003 2 AR .

14
12F
® 10f
i
= 6t
By
|
2\\~___
O T T 1 |
0 50 100 150 200 250 300
ES %
(a) F oy DT AR
400
o *AD
300 ’ o LMCI
o *
20F oo 440 5,
- o g +
R 100 %o a2 H u
ﬁ o ® Oo o g&9++9 ¢+O e
Hoo0fg %8 oar orgh a®r o g®
I >"‘Q’+“%SQ:}%o+ Pt L
- & i o %
ﬁu&—lOO & o SI-DOQ'%J s
o) + 5 o + 180 t 4
-200r F oo 04 O 4o
- o i +
_3007 o OO +

-400 1 L I 1 1 |
-300 -200 -100 O 100 200 300
BT
(b) PCAHLE,
3 PCA FEAESHT
Fig.3 PCA features analysis

x3 lGESNKE

Table 3 Organization of training set and testing set

pEiv]l ER 41 AL/ i
AD/NC 75/75 30/119
AD/LMCI 75/175 30/48
NC/LMCI 75/175 119/48
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Fig.4 Misclassification error rate of SFS

14 SFS Be i 19 4% 7 2R YRR AEAE S SVM
HERE A, 1535 conv3  convd Fll convs A4
UG HLEIR, I3 4 PR, SRR
1% ( Accuracy ) . 7 ( Sensitivity ) 5 4 5% ¥
(Specificity )3 Tiff MERIEM TS5 4R HE Ul

Ngp + Ny
Accuracy = LML (1)
Ngp + Mgy + Npp + Ny
. Npp
Sensitivity = (2)
Ngp + Mgy
n
Specificity = o (3)
Ny + Mgp

o ng, B EBHPE (true positive) £ AD 5 NC, AD
5 LMCI 894328, A g HERR L5 ) AD BEARAS
B 7E LMCL 5 NC 195326 FRon HEmiiR 51 1 LMCI
FEARNEL.

R4 BA—HEHER

Table 4 Result of binary classification %o

SRAUN JRAFR MERER REUE REE
AD/NC convd  89.93  86.87  90.76
convd  91.28  83.33  93.28

convs ~ 87.25  83.33  88.24

AD/LMCI cov3  80.77  70.00  87.50
convd  76.92  63.33  85.42

convs  78.21  76.67  79.17

NC/LMCI conv3  72.46  68.75  73.95
convd  75.45  68.75  77.31

convS  73.65  66.67  78.99

1 MAB PP (false positive) 76 AD 5 NC AD 5
LMCI 14326, 2 AD 323X & #3438 7 NC 8§
LMCI 20 fyRE A %0 76 LMCL 5 NC #4328, o
LMCI %143 3] T NC ZHAIFEARAHL

ney MR AP (false negative ) 7 AD 5 NC, AD
5 LMCI /94325 2 NC 5% LMCT 2233 9k 43k
T AD dLIREARAEG 12 LMCL 5 NC 194326, h
NC %451 T LMCT 4 P REAR 4L

o NEPBAYE (true negative ) 76 AD 5 NC,LMCI
5 NC a2 g s iR H 0 NC AN 2L
£ AD 5 LMCI 173 2& w2 R R HL B LMCT R
ARAKL.

3 #Fig

1) 4 8 " 2Rg 1R it T %y ) iR
WUEHG AR PR AT = 4 F 41 19 75 28, % AD \LMCI
5 NC Z [\ #3282 —Fh T 47 0 5k, X conv3 |
convd 5 convs = NERIZ A HIHET T2k, &0 %
T, 4558 p=0.97(p >0.05) , LB conv3  convd 5
convS = JRTERREERNZEF AEAGIFE L.

2) sMRI A< B2 = 4E KR, ARl — A3 35 2 0
ATRE S H BT R MG B AFTEE HE R CHR. K
Y UGG R A, P TR B 2 2 I 2R T
B 0PSB A 2R G BAE — k. X
FEIN R RIS 0] £7 76 5 BE AR OC , 25 0 A AT

LPRE Y. =4EE M4 TR E AR R A R
il , A BETT I KA = HEAE TR 25 iR i EL I 2k

P . ARBFTE v T 28 M 4 AR 28 A
Rl = AR A 2 A E B
ARG G 3 A IS T P 532545

3) WP AFTE —SE B, TR R IR
JEBIARLR I ] CNN S5 7 17, 5 AlexNet £
Lt ,VGG-16 .ResNet , GoogleNet S8 TR 28 1 U A X 4% 5
JET S TS IR IR VR AL R B A 2
ENEHERATRES R AD Jp RS i b i 25 2R Sy
NHRIE: 2] I iRAE AD \MCI 5 NC 5028558 iy
SERXT LG AT B J7 1220 RTE S B 4 2R vh oA W
AIERE. — AT RERY LA AT BB 2R T iR 77 A 1Y)
SRR PR 1 38 T AR RRIE JF IR 252
BT, 5 SR 5 rFoR i a0 28 3 26 A7
ORI gt — 2D 32 A RV RE.
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