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Transfer learning-based feature extraction method for the classification
of rs-fMRI early mild cognitive impairment

KONG Lingxu', WU Haifeng'?, ZENG Yu'’, LU Xiaoling', LUO Jinling'

(1. School of Electrical and Information Technology, Yunnan Minzu University, Kunming 650500, China; 2. Program for Innovative
Research Team (in Science and Technology) in University of Yunnan Province, Kunming 650500, China)

Abstract: Early mild cognitive impairment (EMCI) is a necessary stage before Alzheimer’s disease (AD). Thus, accur-
ate diagnosis of EMCI will help the early prevention and treatment of AD. The performance of the deep learning meth-
od for the diagnosis of EMCI through rest-state functional magnetic resonance imaging (rs-fMRI) mainly depends on
how feature values are extracted. However, traditional extraction methods have problems, such as loss of feature inform-
ation and long training network time. To address these problems, this paper proposes a transfer learning-based feature
extraction method for EMCI classification. First, the region of interest (ROI) time series is extracted from rs-fMRI to
complete the dimensional reduction of source data. Second, bottleneck features are extracted from the ROI by using a
transfer learning MobileNet. Lastly, a final classification result is obtained from those entered features into a designed
top-layer net. The data of the Alzheimer’s Disease Neuroimaging Initiative are tested through experiments. Experiment-
al results show that compared with traditional methods, the classification accuracy of the proposed method is enhanced
by around 10%, and 75% or so of classification time is saved.

Keywords: EMCI; rs-fMRI; transfer learning; Alzheimer’s disease; MobileNet; deep learning; machine

learning; region of interest
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HIE AT AR A0 259 v DABH AE 503 5 FL R e, R
£ AD R 58 o — SER YT R MOERER R T F
HE— 25 AR, DT U A R 2 1 1 A KA
TG . PR, AD B9 52 W 6 T 9% 858 00 B3R
PR AEE R BEN . 78 AD KR Z T, B
22 7 F AL BN TR i (early mild cognitive
impairment, EMCI), % B B & 22 4F 1E % A F1 1R
FIVH SR RE ™ FE A0 R 3R A T ) B B, L Y K
C B B MR A R A RS, (ER 235 e
) H AR, AR G R A I iR AR MR A B,
AR5 RW, B EMCI AR AD 1R =
FIE® N, Z01EH A 10 557, N, #Ewie
Wr EMCI X AD 893697 A & 0 BUR 1R .

LA, B 1 EMCL 2 W 7 v R 2B s 35
Wi W, 3 A A R e A, A T B A
R A RlI2W, HizWrid Rl hE 4. Joh—
Fixt EMCI (12 W7 5 75 R ik 83 50 i 2500 2
) 17, P28 4 220 B R O UEA T VA, (HIX Rl S
Wr AT A — o e, R aeE b — i Bhiz
e EAECK, BEE M A BB AR AR, BfR
To A B9 AZ G 4R B8 (magnetic resonance imaging,
MRI) F1Y) g Pk #% 4 B4 (functional magnetic
resonance imaging, TMRI) i A % # Ok %k £ i) FH T
AD Hyi2 WP ™, fMRI R T 52308 P54 e 4T
55 i 1L 58 K 4K Bt (blood oxygen level dependent,
BOLD) {55 Bl 1 0, A & MRI &8, HAAL
HESMMHEE R SRR E, HERIK
fMRI B0 5 B3 A PRS2 IR AT 55 My ol A s
55 A 55 P 2 6 EMIRT 04l 19 5% i, Bk ik 22 19 fF
e R U B S fMRI(resting state fMRI, rs-
fMRI) A /¢ fMRI 3k 52 % EMCI B2 . H
TFE rs-fMRI £ 405 38 Bt A7 128 35 A F 58 BUAE: o
FEEAT 55, DR IGaRE G 1 S 34T 45 % 50808 Tl R 1Y
S

AR B B 22 2 W 43 28 0 ik, it rs-
fMRI £ K 647 EMCI 4328, LSl BY AD (1 51
R B IR MR o B T 2% £ (region of
interest, ROT)!"", ¢ I8 ROI M rs-fMRI %545 o 4if Hie
H I T] P 310 DR B — > 4B R, 5 — > 4k
BRI 2 W 4% (convolutional neural networks,
CNN) MiZ 4 4 B b 32 BURRE AR 8., DAIiEAT
SR A2 R, S T 46 e i oA R e 2 31|
ZRAT ], CNN R HIERB 2= M4, H—M a1
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KBl & TR 24 T B 2%, L TARZ AT LL A g A
O3 R R IO SRR 1Y ik, WS A B
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EMCI B2 WA %80, H RIS JCSCRRIEAT He 18, il
AR SO — N A

BLAS 2 2] AT LA [R) fh 2852 AR 2 AR 25 6 DL ST g
W 2 I, W IS AR BOR 046 i ISR ALIT 2
it (computed tomography, CT). IE H F & § A1
BAHLWZ B 1% (positron emission computed tomo-
graphy, PET), MRI fl fMRI'"" 2§ Hod 2 D)
MRI Fl MRI A48 S A0 TS B PE TR AR 30 T 72 1Y
K X F MRI, H BB AW, HAESFR
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SRIM, XF EMCI £ 35 e Ui, Il 350 285 #4) A2 A6 I A B
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A —E R, miE ARV, AD B RIAER
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T A 1) K s v 38 85 T 31 T IR, RO -
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AL, rs-fMRI 19 3K B F5 B o8 e 1
FE P I S50 B A, AR R SRR BOR A,
PR I 3kt 1 A R 3R R B A T

i, rs-fMRI A — P45, IR 028
I 2 75 el e . H R Y —Fh R 2 7 SO, B X
53 B — % ROIL, M iX £& ROI 142 i BOLD {55,
T 3% 4 BOLD 5 5 #EHUCRFAE E, A A SAE™
oY 3% FR 3% /K 2% 2 H1 (restricted Boltzmann machine,
RBM)™ $2 BURFAE (B, 5 J5 R FH 3 26 R AF (8 15 47
. BT A KR 0 LA AT Sk e ok 5 R
0, M RELE A5 ) 77 AR 30 2 1 o 25 I 4%
I, 7 rs-fMRI Hp 4] e ok 73 2 0 28 1) 28000 i A
SEAR T B RTER) 7y — N A

2 A AR

H TR B2 S he H S R U IR (B, H B A
15 B S HEA 3, DR AR SO SR IR B 24 2T 19
BoRIEAT EMCL 20, [WEE, tF rs-fMRI 7%
50 AT AT S B0 AT 55, AR SCH SR A rs-fMRI £ 40 ok
T2
¥ rs-fMRI B F IR E 24 2 19 EMCL 2B 5
o T OB s A ()R, IR 1 N, REELR
UEH A B 73255 0 28 1 B0 19 4 s A0 7 8 1 43
HA5 B, XRERF IR AT 2 M 45 1 &2 2 P, DL PR 4%
DU R ]
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Fig.1 Issues related to feature extraction
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KA RN . MR, BT AD SAREE 1 4E 4y
P, T AR RIS BT — 2 = 4 CNN 45, {ELfE
9 VU AE Y rs-fMRIATS SR T ik w4 fdi T, o 223k
Frigdt.

— b A0 R 2 T O A S A AR I
(automated anatomical labeling, AAL)™ [ 1% 315 5]
— AN Npx N, B 4k ROL I [E]JE 5, Hirp Ny s
ROI FY%CHEE o BEI, 5K Y rs-MRIHF MR ) 1
dele 4k, BR R TR R, ST
ROI i [8] F7 51 B 4 32 SRR AE AR, 75 98 75 I 25,
L SAE J5 2 R 1117, B M 4% LA Ny A B2,
HoAg 2 R 802 1 A 28 TR 23 0 H S 1,8 2,0+, S s
R 22 W0 % i I (R A By

Wsae=2NrNyS 1S2- S, (D

ML (1) FH, BT SAE R B &4 &K
2%, DRI g AR ) i 5 o 28 e 280 R 2 4
AH R, 243X A S0 RN AN Tl £ i 75 B 4>
W 28 AU RUE A PE R . 249K, CNN WAl UL H g4
HBURFAEME, HATEY CNN A A E B A 31T
M AR E T DDA E o R —
A~ CNN RIZ8 A Ne M EZE, Kb a2
G Ly, Loy Ly NMFRIE I AL, R4 B RNy
B K FyXF,FyX Fy,-- Fy x Fy_, T 0% 46 B
RTJ-%%U%MI XM, My XMy, -+ ,My XMy, %ﬂ}{i
(stride) A 1 1, AR 12 0 26 1) e 3 8 AL 0 i o

N,
Wenn = Z FF,L{M;M; +Db) 2
i=1

Hrb b 2. 2 (2) WALE 5 H)ZBU% U
5%, M H CNN 7ERBE 2= 2] iy 28R i £, Rl
AEE S IR G S AR A R B AR K

I iy DX ) R P 14 4 TN 6% B 95 DA 4 BBCRR FiF 1
4 7 9 AT DA — A0 0o B30 e 7, HLAR R R 4
THAEOC R AL, #5 x Fy, 53 50 R AE M > ROL 7655
¢ B %) BOLD 155, -4 HAH G pR £ ] e m hy

1 T-1
ny = ? ;xtyt (3)

[HLE. 4§ F— A Ny XN 94 ROT B[ 51
SRR, He et YD g
RO FF 51, BRI T WA, SRiTT R (3) T,
Ry, S A ILE TR, R S T ] 4
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R TR ME R R P, A0 7 B 4
5 R B I LA RN R () 48 1 R 2 7 S0 2T
FEHI—AN A1

3 Fix

3.1 BKIEZR

A SCAE R rs-fMRI 208 UL N AT B 22 3T 1)
CNN 2% K% EMCI #4712 W, J7 7% SR HE 22 4n
K 2 Bz, 48 EMCI FIE % 45 il 40 (normal
control, NC) /¥ rs-fMRI £ 17 BC | Sk gh i IE |
PR RS T —Ak | - R D A AL R A, SR
Je 1 FH AAL iF 5 B T A B BCHE B2 B ROIT 75 21 4
VAo 3 151 DS 2 7 WD N Tl L R B 2
W 2%, DL A5 23 20 (bottneck) HF1IE, B 5 B 1% FF
fF i A B9 TOP )2 8 343 2K 45 5, 521

AAL
rs-fMRI Mask Ko
% %J_’M -

l piR 2]

Bottleneck $§1iE —
T2

Bz |e— @ @ @ 7] MobileNet

REER

B2 kB aiER
Fig.2 Algorithm overall framework
32 FEBFIIMFIERR
K — > HAT Wi DX 25 [ 00 B[] 24 B2 19 DY 4 rs-
fMRI 55 EARAE 9 70 A8 ik A, 4ERE B, il
M B B ROT ] 3 3710 o Fae 4, ELIA ROT B 1]
Fe 548 BURRE AR, 575 1 25 0 AT B id, SAE i
CNN [0 265 fiet U il 447 1 1 AS = K5 B A Il g isf
() 384 22 0 ), T R FH R G ik 4R BUR MR S 5 25
K WERHE S, AT JER T A2 5 2] Ik
ROI #2 BURFIE fEL .
B X, Fl D 3 5] i — PR 8 2 v i) — 4E KR
O AR R AR, H— CNN 9 2% 76 1 U5 45 4 48 vh
D = ftip{wts’ﬁameck(wb»xs)} @)
A £5,0 T funea () 70 B2 IZ YN 2k CNN [ 2%
4 T R S pR 8w AL wy, 3 ) S T AR
R E R
P25 S, B H PUZE rs-IMRI 08 5K i v
$R I >k ROI I 1] F7 571 X, i A 21 T 25 5¢ i i)

T2 PREL fomea (), LA BEAS B 002 51 -
F = fyneecWs, X7) %)
Hrpr FOHIJE M ROIL B 8] )7 50 $2 BUAG FRAEAE . 5
HEr M Tz f0.0) @il g)a, fifs Xr S =
R ARZE Dy il
Dy = foiw?, F) (6)
WA 375 2% ST 55 52 A%, Horp w2 H AR W 4%
A 0T 2 i A B R
K 3 45t 13K (6) iR x> ad i, Bl fiy)ll
YR ER 4338 T T TE A v 57 B, BV IR 3902 A AL
B ow, AEW B R, H T 0] il 25 = 05 WS 58 il m 3R
15, DA AT R a0 B BURAE B9 U 2R B (e . B R
BIRY R, b PR IR O SRR AE B9 A R, U 2R
IRPOF 1 ZALE w, FEEFE— T3R5 BRI
P 4 o o2 ), U0 ImageNet B3l 721, [H G A HE 20
ali JoiE # 1 CNN, 175 W 2% 0] DU o H b 208 4
AR, 1 H 1B L EMCI B9 rs-fMRI
BARATAEAE — 2 IRIME

L WMdREX, | | ROIBHNFIX, |
S ! ! e :
L e i ! v !
i CNN Lz E_W’i i CNN ilﬂiéﬁi}% i
' Jomeck(Wps Xs) ! ' Frinocc(Wor X) !
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Fig. 3 Transfer learning to extract ROI features
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PRI NS, 3 4h, i TISUZRFRIE FoRIET
ROI I [6] 7 51, PR M AR EE T 5K AH 5C 2 300 R AR
PR, B R 2 TR . MR, &
IR fomee() FIACEE W] TN 2545 2, (HARE F B
T fmea () BTHR AT, DR B R 9 7] T B8
CNN 23 R AE BB TH 3, AR SORe 18 ] —Fif
BRI CNN M 28R SE LT RS 2 ] o
3.3 MobileNet ¥ £&

Ve —Fh 2 AR CNN %%, Mobilenet™ fifi H]
BRI AT 73 89 6 U U i AL e 6 AR LA 1 58
i, A SORE SR % W 2% R A S I B 2 ) pR



.« 666 * O R

S S

%16 &

Jomeak (o TR T 0 18 5 BURE A 1 2 B0 ik i — 4
WEERM— GG, MK 4 foR . WEEM
B A BURZ T T4 g AT IE, 2 AR
1 B R 415 i, 33 b 20 il T R W R 4t i
R R/NAH R

DK «— N—
(a) FRifE R

O 4dJO ..-d

—M—

(b) TREER

1 —N—
() 1x1 K ER
B4 REAUHSEER
Fig. 4 Depth separable convolution
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A GEIE R M, it — AR EE R, R R
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St — P EBR KN DexDex MXN bR fEL:
R, Hrf Dy BABBYEEE, B2 b S B
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DgXDgXMXN XNy XNy @)
TEDRBE Al oy @ B, SE il IR & TR 45
A AT T B DB , IR AR EE A LR I
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1
P[]
Dy

Dy XDgXMXNp XNy ®)
SRIG BT (<1 BEFUZ) KA E# R
Z % AL S, Hat R AR
M xNXNyxN, )
JIT AR BE AT 3 B G AR T A Ry
Dy XDg XM XNy X Ny+M XN XNy XNy (10)
PR b, R B AT 3 4 FRU A 2 vk U S bR i

Mzt H
Dg X Dg X M X Ny X Ny+M X NXNp XNy 1 N 1
DX DX M XN XNy XNy "N D
(11)

2 (11) AT %0, i MobileNet 15 2 5512 fiF
T SR R AR 45 1L, AT R b, R
M, E$E MboileNet /F 1T 38 W 4% &
— AN R
34 TMESEMLE

4 ROI B[] )37 51) 28 1| 5 i i 351)2% MobileN-
et BLAF B BURAE, Bl J5 P18 000 300 R R AE S A 21 3%

THTZ £9.0) BT #1750 28 . TRZM 4 £90) K
THAnE 5 iR, 2 AL 42 R T #1462 | Dro-
pout )22 | A4 E M 0 2, Horh 4 e F Yy Ak
JZ DK 02 R E BlS, Dropout JZ 1T 3k 6 [ 2% HH
A . UL, ZTZ ACE $ =

m—1
[NGAPXNGAPXC1+ZCiXCi+l+2Cm X(l_r) (12)

Z—EEEF' Ngapr X Ngap %ﬁﬁ%ﬁﬁﬁ%ﬁ%%%ﬁﬁﬁ%
ZWa A IR B R R C R R e
2 TTEG m A E W B2 5L r i Dropout
EWACEEFE, | TAEDZ T, SLEEARS
Jo B 202 R AR 4 P © 2 B AR, 28 m (H
BN, WL (12) BACE SR SR K, ARIE T 38
D1 DR 48 N ) [

waner | [ | amrsmnie
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! SHERE 1
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EEEE 2
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—
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Fig.5 Top-level design

T3, TiJZE ) — S8 S0 23 5 e B s 1Y
ARG, i 2 ZE %0 m, Dropout JZ M E
LR r MEERZMMETH Co WMTEHES
T8 Y 2 BE VT 38 B S5 R AT S BRI, X A A
N ARG TE T — 5 L s PR TE A e o
3.5 B

i JE 45 AR SCEMCT 43 BRI 2R m 20 3R,
W FR:

1) Fi kb B . XF rs-fMRI {5 5 B9 W v PE4T
BCHE . kBB IE | a8 0 — R S g I
85, I3 LI 2R AR TG AIE A 5

2)ROI $2HL: i AAL &3 M il b BB 8 42
B ROI 5} (] ¥ 51 X5

3) TSR AR FE I fomeac W5, X1 3R UM #0
FEAE;

4) 2. FENZRErh, it =X (6) YIZR1E 3 T
JEAHE w?;

5) Bk i IR RS, i 2 (6) 15 B 4 e
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4 ERhEBERER

4.1 HHERIE R AL

TEASZ S, PR Y rs-TMRI 080 ¥k 08 T
B IR 2% 1 K0 i 28 5 AR 2 508 % (Alzheimer’s
disease neuroimaging initiative, ADNI), H: R}
4 http://adni.loni.usc.edu/s 7EIZECHE P, FATTE

W= 1, N 3RATT43 5145 2 T 32 4~ EMCI FIE#
X B& 2 (normal control, NC) Y 7] F A4 8 i 50 45 ,
H BN B AN i a2 5
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Fig. 7 Feature values extracted from the 3rd fully connec-
ted layer in Transf ROI
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Fig. 8 Classification accuracy in ten experiments
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Fig. 9 Feature values extracted from the pooling layer in
Transf ROI
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