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MCI g9 rs — fMRI i g€ (£ & BB FFIEIE F 5 5 %

2 OFLCREHET RO

(1. mRRFRY UFERT

Fiabe, = B 6505005

2. mHRIERY: oA R BEAL R 2% A5 SR PR HIBA , =g 2] 650500)

= 52 F i\ Fa[% 53 (mild cognitive impairment, MCI ) #9387 F= B0} 08 55 %7 9 3% i B 7% (alzhei-
mer s disease, AD) & P I A5 5 LA W6 R L. 04 2 YR EHAFES T (ma-
chine learning, ML) % MCI 347 4% 815 5 64 75 ik b AE £ 4000 T 06 32 7T Rk 40 ) B 3 2 744
HFAE, d B AT R R R AR R ok R T R X R B S AR R B e N4 38 X 4
HE 6L 4 ST A A5 B B 5 3% A% 2 B AR 5T 04 19) L. AT 3% FI AR, % ok 4 AR L e AR IR 25 AR 45 B89 7 ik
Ji it B AR, B At s — IMRI 3+ - 3h & 2 48 3% 4 (dynamic functional connectivity, DFC) , 3k
AR RN AR B N JF ik F e A AR, R G A I L UG 09 A AERE AT 3R /) = FE (least square, LS) £

PEILE B G RO, UG AT B 0 e R BAE A o

K BMANHFAE. R RKA IR RS L1

AR A R IR KA E A T6% Y R B AR B R R T T K4 8% , %A
ZA A AR S MCl o R AR A — 2 e A5 & L.
KRB S S BRI 2D S ek 1 AR AR AR R S

HESES TPI81;R74;01  CHERARERD: A
AR, T B S AR AR (rest — state func-
tional magnetic resonance imaging,rs — fMRI) [K .G
BIPE B R H B B R A, B
S TR s . SRR R, A
FNPEARS (mild cognitive impairment , MCT) —Ff I e 1
i% 4% (functional connectivity,, FC) 25 5E , # I b B
B A il DX 14 P 4 32 R 2T R e s -
MRT ] LAAR 5 (58 b ) A DX O 2%, DAL TG 9741 £ 7 i
DX PO 24 1 3 AL 7. SR ws — MR R IX 1 2
Mk EEA AR GET T LT DL AR 2 A R AR
SAHT(GCA) M 45 v g IR A 56 S — Fh o
. WFFE R 0 Sh 25 A8 A g2 Al B R K
RIS 3 ST B 25 2 i I 4% 1% 4 (dynamic fune-
tional connectivity, DFC). 2K 17, To18 [ K #h AH 2 8
ST NN B IR ARG , 25 KB IR HR X (region of inter-
est, ROD) it HL £, 115 1 AH OC Z B8 f 3R 3 e
R, ARART DA ISR £ Bl A 14 A 5C 28 0 42 IO S50 AR
RVFE A iy DX T80 £ 32 08 P o — PR S R M Y A el T

W HE:2022 — 11 - 14.
BEETIH : [HK A AR A5 (62161052).

NXEHS:1672 —8513(2024)01 - 0087 -08

AN 225, BB R DX 3 PR S A [ 9]
B, BT T34 R A O 2R 50 B Dl Rt 25 7 A — 2T
AAF B, BRI Z G I T PP G X 2 a0

Bl TH AL AR i Pk & e, Pl > (ma-
chine learning , ML) € 72 ¥ #b 5 A 1 — P i Bl ) =
2 T AR BRI 2 28 X B2l M
KU WX R HAT 2. A8 ML w43 25288 B A
F TR RAAE , AT 20k 41 [A] 52 3 1 25 S5 0 R AR K
S35 B A 3 R MERR . RN i IX 3 i MEAE Oy
OYAEER R S AL AT AR H A — oy 2605
e ABRET I , AnAe] S K A R AE SR IO SUCRAEAT)
ST —THRAR. S5 A, BIVE 52 B A RACRAIE , 4R AE 1 £
FTSSRE K, Ay R AT [ 4, 0t 4 A 507 o J
K FH ML S22 5 B i — A~ [ .

BEXS LA L) R0, AR SCABCT AN AR 5 —, X R
rs — fMRT BT 3135009 0 7 2 7R 380 AH G R BGHEA TAHRAAE 2
BB TR RN IS N R B O A A RRE.
55 KRR S B RRAE A T /)y — 3 (least square,

BB 205 (1998 - ) & WL WP A T2 NS A5 S A BRI
BIEIERE  RWHE (1977 ) WL B, ERNFIREE =] AW S AL BEBEST.
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LS) 5 1y A 7 808 e 48, /s T Rp AR 4 2. 5
5% FH—2H 2N 188 MCI A IE % X5t B& ( normal control ,
NC) ZHARFEAT 732 , ¥ 28 3 e M e P AR 1 s 4 1Y
BARAVE R o3 ARSI RR W], 24 35y
TIE 1R 23 S HE B 26 LU R 28 A BRARRAIE 1) 43 2 Al R 2L

5 8%.

1 HAXTE

XF T rs — IMRIAE 5, i Y 20 BT HOR 2 T
FHFA9SHT (SBA) 171 o SURFR T A AR
ikl 7325 116 4~ ROT 1) H i % ] #7512 (anatomical
automatic labeling, AAL) "' 3l 1 AAL #2500 54
HEPEAR BB, A FH 5 DFC, 77 AR ) B A U
& FCF R, & ER, fdif SR, X
RIS IR S EUE BITAR BT R IBURHIE S
A5k L, RRAE R R T IE T a3 O 3 2K T Uk
BN A R AR s ik ekl i G
AR IE R SR AS TR 1, BOE B (PR AL AUk
A 20T R AR RER VAL FRAE £ 432
() BARRICR , 5 B 2 A8 U UE RN R o St A6 2%
i3 Z2 , (EAT b 3k 98 12 B O 0 4 20 2K 45 R Y 4R
T, Tl T 9 58 SCHRAIE, 43,268 125 ) BETEAS [R] 1Y 32
Bl bR R B ERAE . A S g2,
(T IR E e R 5 A 288 I 4o 560 A
ZIT R SRR T B AT R APRA , B LA A
BAL R T R R H R TR SR AR,

B WMFEBOUE S TCARE B, 16 5 18 i 4k
JiE GMENRIAE T | D L A X o e A T .
J845343 87 ( principal component analysis, PCA ) &—7#f

P T RRARRAE AR R A B, A AR R 2h b T 4
/8L ID LRIl SN DI LY/ UK R G E /o3 1
T2 AR S AT RURFAE T . R i ] PCA
W24 BRI D 06 R Y ) B o I A LRI &R
XA 23 2 00 T A R M AR A5 5 2. vk L3 4y
(LDA) 5 Pl 1of -4 7 5 30 40 A A1 5% e KAk
ZEn] o3 P R 2R M B R T BR PCA Y X — Bk . 4R
1M, TGie & PCA B LDA HEAN A Sk 40 19 528 14K
e B, 2 — M i A EE R 4E 7 X 2002l
U Bt T SE BRI, 7 220070 2N ml A 20 Hr b, i
W AR S Fr e o XI5 A R Bl R 2 1] 1) A
bk TR AL S SR AL A ML
IR S ARSI AT TG b R 8 e AT st D )
I, I 7 TRIFFE 73 A MKRE e e , B 5 S0 i
MCI AN NC 521805 1 4540 3 2 B 22 5, i 45 S5 B
AR T — 7 X
2 ik
2.1 BFIEZR

PP B PRIERY s — TMRT 48 9547 FAL B,
FEIE S AAL Bk 52 B ROT 1Y 1l 407K P-4 8 ( blood
oxygen level dependent, BOLD) {55, [ & BOLD {3
SR BN B 2R Eb A 5 R &R ) DRC (77 DFC AH
SRFE I R RS FREG , SRf5 BOH E = ko By ),
YR PN AS v ) /N2 PN B g ) 32 5 38 114
FRERCH SR X0 ik I 0 8 s 64T LS k&,
IR JE K A5 B LB 2R BOE S SCHF ) AL (support
vector machine , SVM) 4325 %5 IR R AE 5 A, o MR HE
RGN 1 R, R R IR D BRASCE TR A 4.
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HRAE b A7 58 SCIRE , B A il 0 B 4R 5
N R4y WA T4 XS F X7 (G 2

XUX" =N&X’ NX"=0&X° /X" =1-1/k (1)

¥ v, e RS FORIPHEER j 2095 n BRI
ROT i} [8] ¢ 1) 4 e, o T 3R R I ] 280, K RoR
ROTZCH , WX IZ A B S5 w A [B) 2 1 A B2 7R
A 5C R B A5 B A

R, e RM. (2)

Hrpw=12-W,;=1,2,-,].
2.3 HFEIREE

(a) H/PNENIEE

/NS N R B 4 P S 2 R S e NI VR R
BRES, 2, e R MBI R A2 v B B i R PR
PIZEIE . St 2 iy SRS N B R, 15951

J
8=y d. (3)
ol d s 2SUIERAE X C XS 02 MBS, 4%

by % e SV @

; ‘n,@x;
Horp ) SRR R b= IeE Ay i
THL R W LM AR, AR I8, 4N
8(i),i=1,I1=Kx (K-1)/2. [Hit, dif/NEAE
EUHENI P e R M ANRRE R AL E AT TN
<Pispaspy > =arg gl_in}wé(i)- (5)
56(i) —HE M AR r (i) FORMEER I
=5 LA TCR I 0y Fw 0 r () 2R R
TEBORAEAT T 1R L = MAAR A A © T
2 B4 (5) 1321 A MR IE R N
Y=[r(p),r(py) s r(py) 1. (6)
HEERETAOIE - S ST D et iR Sy i)
RS @ ASTC3 MR YRR SRR 5
Aj:r?(lﬁ),r?(pz)a"'rT(PM)]- (7)
J SN ZRGE W 207 HR5AE TR 51 A A 25 A
A=[A A, A, (8)
(b) FRRA[HIFHE
TR B, 15 3

1
8'=—=>> d. 9
C?; Jk ( )
Horp d, FR5 j K55 b NGRS,
dj =/ (r; =17 (10)

5(5) [FBE, R Ednl iR 146, S Hoh
8" (1) , Fh R R [ B g ofE U e e PR 1) M AR YL

HAHE N
<Pisp2sc Py > =arg rznaXIMB’(i) (11)
Tl 2 20 R 5 B /NS P B M U] —
2.4 HHEESE
Rl 2 RO R T AR B HARIB R, 9 T
G RETH SE )R, AT R T LS P IR 45 , B 15
— WA HE S G 1 DFC R4 323k Bl
MILRPEALA (RIS B T JEUI 2R 5 A 41T X R AE
FI ) L i i LS A SR iz A ¥ —palE
FFEIERE R mRIB N
Y=Ab+e. (12)
Hor, e FoRGEZER = MR LS fhtoR g, vl fs
OJEEEY
6=A"Y. (13)

o, ()" FR M. 6 th TR FR AT
FEAE (AR A , B B A TR, DU 5 A R 472
FEEAR B, (100, Y 5555 j 4LRSE R HE I, 0 6
~[0,-0,1,0---0]", Hrh e | AL 1E ) Ab.

BB A 0, F5 05 n ASHOR M0 ARAE FE 4 6 i
PG5 1, H R — I

Z,=<6,,l,>. (14)

AR 0 TR ISR S, AR A VI ZR4E S A0
REE T LRI BRI T R,

step 1+ i A R AHICHE 4 Rij“) ;

step 2 %l 434 4, Xt DPABI HiAh 3L /5 11 &1 14 %)
Sy MUIZRAE X AR AE X"

step 3:7EAEA X® P AR IR (3) (9) 43 5l 475
AN BB AR IR 5

step 4B 3F (5 — 1) Fik M A~ e/ N Py B s
BRI X O 3 052 58, I 43 B LB A A (7) 15
A

step 5B J AU ZRAE IO LT IR AE 1 g B 2 ch
TN S PIW

step 6 : 4 B — R 2 R AF HE PEIS 119 DFC 2% it
Tk NRAP O MRS, th (13) A5 80

ROV A R O 4 LA T R R
3 X

3.1 XWRE

ARSI i T vs — fMRT 50408 5% FH Bl 2% 9 TR
R 2 5% 2 KU 5 (alzheimer” s disease neuroim-
aging initiative, ADNI) , Z$IZ B UNFE 1.
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ol e ADNI
W3 3.0T
KBS Philip
WL 80°
TR 3000 ms
TE 30 ms
BRI 3.3 mm x3.3 mm
LR e 48
o ] 152 140

T2 S 50 foT FH 300 AL BRI B 15 43 AT (data pro-
cessing & analysis of brain imaging, DPABI) T H
BV AT B UL 31, R 4R b HE S hutp 2/ v
org/dpabi , Kb FEALBRANT

©® ERIALERIELGEAEHT 10 WAl 5, UL
oo 5

©® INAJZHFIE, LIS 48 )R SEHE i 44>
IR b RS B R (R s ] A

©® T oREPLA G, (L S AR R AL
PR —20, PRI SRR DI RER , RIS 1E45 15 0
W INE e el

©® Il AR MR (E RS K E
HH I R A5 ) SRR MRS

® KUERTA WA E 1k ARz 3, R Friston
24 KB BRI (U5 3 NS0 3 a2
oK

©® AT IH—ALFIP, I ad DK AR T
N

® 0.01 ~0.08 Hz, L8 B ARAT I B4 1 e 471
M 5

® {1l AAL Hb[EI £ ROI;

©® FTUKIEEE K B, BB K S HFRR AR I . KT
2 mm (R 2°TERE F B

©® il PR HE TR AR AR S I RER , BJn
A5 32 > MCI A1 32 4~ NC K{%.

ARSCR I SVM RPALBA 171k 9 70 2 PERE. H
THREAREA R, >R F T3 38 SCRE, [R] i, Dy s b
SESCIGUESS R B TE , R ERP BRI, e 4l
RICPL8. g 7 VPR R AR SR AR AR SR 40 45 5 ik
A RO AR SR T AT X H RS, Bk S 8 3
2 50 B BREAR AT

@ Pearson: i1 ROI [8] BOLD {55 14 J¢
IR AHOC R

® WP i) oy e Ty (BN 1) TEfE
AT 1 37 b IR R IR A DG R AL

® WP —FS: XJ it f /R 5 i s Hal A7k
TR, BV 3 o /0N 28 DAY B 8 o D)l 3 i R 2 [
BN TRRIE L , DA SEIk A RRAE U

® WP - FDM: X Jined je /i b ) £icdhs A 7
AEFEA , BI3E AT LS X R i AT R LG, Atk
AR ZE B JHrp SRt R A MB35
RIFE MCI 5 NC 9 AH O¢ 5 802 1 34 53 By R 2
Huly;

® P -FS - FDM.: X% 48 f /Rt S i A7 R AR
VERE, TR HEATRRAE Fe 4 , L rf R 2 vt 43 51 o MCI
5 NC SFHEERR 5 AR OC R B A3 5

® WP - FS - FDM.: X it Bz JR b e b4 5 ik
VEHE, FEIEAT R IR IR 40, Herp o SR 2 v 40
MCI 5 NC ZRHiE 585 I AHOC R B 4L -1 5

® WP - FS — FDN: XJ Il & J¢ 7K 3 S6 5 AiE ik
B S RAE 4, Forh R 2 ot R B U7 (K

I EK) AR
xR2 BREERSHIEE
Pearson WIES Y JZ IR D
KRB TN Bz R b
IR Vb IAG
WP
RN 20TR
[ZIEERS 20TR
WP - FS FrIEE B H 2 000
WP - FDM BB R 2
IR H 2 000
P - FS - FDM
BB RE 2
FRAE e H 2 000
WP - FS - FDM
BB BB 2
FRE R E 2 000
WP - FS - FDN
T BRI 345

3.2 LBER
3.2.1  HUEORRIRFIEBE£E 7 10 7 2 PR

TG, AT LA T PR RRAE PR Y 7 s (R
/NN ORISR 113 S MEr B i IRl 2 AT
L, B IR o AR AS TR) 9 S A A S5 K 1) 43 28
W YRERUN T SRR, 2 e R b 2
AEE 8 T 3. SRR RO T e (R, MR 2R
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Feature Selection and Compression of rs — f/MRI Functional ConnectioninMCI

YAN Jie' ,WU Hai-feng'*,BAO Han’

(1. School of Electrical and Information Technology , Yunnan Minzu University , Kunming 650500, China;
2. Yunnan University Intelligent Sensor Network and information system science and technology

innovation team, Yunnan Minzu University , Kunming 650500, China)

Abstract ; The diagnosis and timely treatment of mild cognitive impairment ( MCI) has clinical significance in provi-
ding early warning signals for Alzheimer’s Disease. The performance of the methods for auxiliary diagnosis of MCI by
neuroimaging technology and machine learning ( ML) is mainly depend on how to screenfor features that can ex-
press significant differences between groups. The commonly used Pearson correlation method represents the brain
functional connection( FC) and take it as the input features of the classifier. Usually, A large number of features that
contain redundant information can create a dimension curse problem. Thus, proposing a method combining feature
selection and feature compression to get important features to solve the problem. Firstly, Sliding window technology is
used to perform dynamic functional connectivity (DFC). Secondly ,the minimum in — class distance criterion is used
to get important features. Then the selected features are compressed by least square (LS). Finally,the fitting coeffi-
cient obtained by LS is used as the latest feature to achieve classification. The experimental results show that the
classification accuracy of the algorithm combining feature compression and feature selection can achieve 76% , which
is about 8% higher than the traditional method. It can effectively improve the classification accuracy of MCI,which
has certain biological significance.

Key words: machine learning ; resting — state functional magnetic resonance imaging ; dynamic functional connectivi-

ty ;feature selection ;feature compression
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