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(1. Z M RERFHAFEE TR BE, B 65050052, =8 mR B REL M 4% L fF B RG AR I, W
650500)

# E: st (Functional connectivity, FO) T A& F i R eyt B T4Ese 7, B AT 2 R A s St
1% #(Dynamic functional connectivity, DFC) Fo 58 2 5 A7 48 45 & 64 7 iR BT R a0 B 2 F o A 45 %
IAFR ST RENKAH R AR LSRR FEARHGAFE, LAE5%N DFC Rk & TR R EN
FCAZ &, B, K3 at42 F A s A (Mild cognitive impairment, MCD #3342 5 ¥ B A 31 & DFC & £ 1]
MBATHER . B TR aG F ] 2 22 (Time course, TC) BB MR G MBI 09 LR BRAL S 5 I A DFC;
RGBT IRPI I RE T HFMRESAT, BRA RN = RGRELERUIME s RERA S EEM £, &
I R A T R KB R AT 245 5 (Alzheimer’s disease nearoimaging, ADNI) &% 7 4 248 3+ A L H kit 47
Mk, KILEREN, A BERESZAHEZ TREFRE IABARAFG DFCH L EHRFLS THL%
# DFC g = jmbfedR It o £ o %
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Clustering Related Factors of Intrinsic Frequency Dynamic Functional Connection

in MRI Signal of Mild cognitive Impairment

LI Dong', WU Haifeng"*, BAO Han', MA Jia', ZENG Yu'*

(1. School of Electrical and Information Technology, Yunnan Minzu University, Kunming 650500, China; 2. Intelligent Senor
Network &. Information System Innovative Research Team in Science and Technology in University of Yunnan Province, Kunming

650500, China)

Abstract: Functional connectivity (FC) can represent the ability of brain regions to work together. At
present, a combination of dynamic functional connectivity (DFC) and cluster analysis is widely used to
study the significant difference analysis and classification of diseases. However, in the existing study, there
is no clear standard for the determination of the number of clusters and the selection of clustering results,
and the traditional DFC cannot represent the FC information of different frequencies. Therefore, this paper
studies the clustering related factors of intrinsic frequency DFC in MRI signal of mild cognitive impairment
(MCI). First, the noise-assisted multivariate empirical mode decomposition of the time course (TC) data

is performed and the DFC is calculated. Then, the cluster is analyzed through the evaluation-assisted
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clustering method, and the least square method is used to fit the clustering results. Finally, classifier is
used for classification. The contribution of this paper is to suggest a more reasonable clustering method and
a more number of clusters to obtain functional connections at different intrinsic frequencies. In the
experiment, we used the Alzheimer’s disease neuroimaging (ANDI) database to test the proposed
method. The experimental results show that the accuracy of supervised clustering used in this paper is
higher than that of unsupervised clustering; the classification accuracy of DFC with natural frequency is
higher than that of traditional DFC; the least square fitting can improve classification accuracy.

Key words: magnetic resonance imaging; empirical model decomposition; least square; dynamic functional

connectivity; K-means

5] B

P B2 T e A2 G AL R 1% (Rest-state functional magnetic resonance imaging, rs-IMRI) i AR B.A5 JC#H
SV AN TG R i  , ELR B R T 32K oA AT 55, IR 32 B T R S gl R B TAR
S AN TR DX PR 58 Bk, B A i B BT 2 an it . T8 8 rs- MR 75 21 19 T B8 4 7% £2 (Functional
connectivity, FC) AT LLER 7R I X (0] A0 B /R 38, K FC AT LGS Y b3R8 K i B [a] TAERE . A i
TN W] — R R B R I X B R TR R 4 A IO TR I FC X BIE S K S G 12 i B —
ERPLELE S F AN, % R D B A (Mld cognitive impairment, MCI) {E Bl /R 2% 76 2R E (Alzheime’s
disease, AD)HTIIY 2 B Be , EL B IE S I R FCRNE# A A B2 H 0,

s IMRUGE S 9, A AR IR FC k. —MIEE T B 3 #5452 (Anatomical automat-
ic labeling, AAL ) 24#) [X (Region of in terest, ROT)"™ & B . & 7K - #< #i ( Blood oxygenation level de-
pendent, BOLD) {5 5, R 5 ok H B IR b AH 0 59 Ah—Fhd 0L 7 ¥ 2 %) IMRIAE 5 8647 1 4 85 15 2 it
] £ F2 (Time course, TC)* SR 5 1 # EL M 4% (Resting state network, RSN) #5007 & 1 D BEVERR X,
X IR X 06 87 9 TC SR R R E A 56 o Pl TF Rl FC 43 B B — e - R vk R 3 F J R B 56 1 FC G
R MR AR e AT AR TCAE 5 B b8 T EE ) 8 1, 78 A% 1N 3K Person A 2¢ , 15 2 2h & U fig
3% $2 (Dynamic FC, DFC)™ o st i 2 | AT 28 10 Jg i A% 0 R — s M ] DFC 7 3k B fig
BAF 5 0 AR P E A TCTE R AN RIS B FCAR R o /N 78 8 2 78 I ARk b X A5 5 i A7 A8 4, i 48
FKALHEH T rs-IMRIAY FC ST, H 3 A ok J& 6 T C AR 580N 0% A8 38 )5 B 43 B HoAH e 54k DLk A5 2 A
BE g FCH L BR /N B FC J7 36 T UG 28R E 45 B, {5000 J8 0, HE 6 (8 730 1 5 0 BBU i) £ v %
56 . Z BB A ) % (Empirical model decomposition, EMD ) & —Ff J& 35 4 461 1 2R BAEF-Fa fs 5 Ak By
38 3 AN W2 AR 5 R A5 T o3 R A RS R [ A B S 55 R (Intrinsic mode functions, IMF) {5 5 il
— AR EAE S R B T IMRIE SiHE FC™ Y (HR EHEXHE S EMD 23t 23 303 5 4%
REAE IR BN G: . P A [, Huang 2548 ) T 42 & 56088 4520 % (Empirical EMD, EEMD)"" %
T 08 B SRR AT 5 A FE BN G VMR B AT o0 i 2 DO B ok Y . EEMD 43 i 7E — i B
S BR AT St a5 RN, A S TR B 14 [, {H I ik DA RSN Bk B 2 S R, TR AN v 5 e T
B AR B9S2 . T H EMD A EEMD #2320 19 8 A TC AR 5 BEAT ML 0 i, = 3 304 TC
1 IMF 43 5 BRI 32 & R AR ], S DH 3 & N 2 LM R 8. 20 4 5 B8 4 ff (Multivariate
EMD, MEMD)""*" 2 — i £ 38 38 19 2 B A6 A8 40 it , T S0 224> TC I 18] 7% 510 014 [ 4 186 4 20 A7, Wl i &2
A TCAF 5 19 IMF £ B 8] FU 3 L 3 QR4 DT BE , I R 76 45 2 LA E 73BT . H MEMD 11598 S A2 7E
WA TR & (0 [n) 8, B, 2011 4F Rehman 55 32 H T B 35 4 Bh 19 £ 78 & 50 8525 7 i (Noise assisted
MEMD, NA-MEMD )% 3% , 4 i 51 4 1 M 74 5 3 B 4 2 i A5 5 b, 3l i MEMD 23 i I 145 4 7
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FEIE G PR B R AR 1R 5 09 IMF 48 it . NA-MEMD 254 7 EEMD Rl MEMD (4 £, 7 DL 2 i ji 4k 23
TR, AR TSRS S, BAH LT EEMD 83 I/ M £ o fie sk 72, B AR K 1
BE A Wz M A TR E S b,

H H I A7 7E — R JC W B RISk 58 FC s MR 7 i AT AT DFC 3R 3k o — R 1 B R 245
JE A R AR 0 al B 2 s (R R R 2 A AR AR 0 T g T K S R A 2 ok SRR A B R
] DL 2R a1 /R B 5 45 # (Hidden Markov model, HMM) “* il 37 % 5] £ #L (Support vector machine,
SVM) AR BERT HAP 2 0 SR, OB 35 1 25 S A0 W il 2 0 25 98 40 28, HLbk BiE 5 IR 45 B %
AOC AR RS R AR BN R PERE . 7E 0B R b B AN A R BB 15 3R [F] A SR 2 45
BUA (9 07 ¥R B RIS BOK 22 R FI R U6 {1, I MR 905 215 P4 T 2 00285 I s 0 SR Mk B 100 o, 7 %
Sy VR I S 9 BT 5 rf Ma 254 B 28505 o 2770 75 [ DA E 315 R B B9 AT 9 FF Guo 25 3R 288 i o 57 1
5 J 43 ZRE A IF 5T Miller 25065 B 2K B08E o0 51, 78 Bt HRC S5 2t A9 IF 52 Zhou 2546 2R &8st oy 4% A
145 T 9 AD BFSE P Lee 2005 B2R B0 Ty 47 A BEH0 BB B L0, R R E B SH B 4k
WIPERE , LA b SCERIT B AT A a8 o oAb, O W B 3R I R 15 o SR B, H L) i SR 2 b BATL ™
A RABEGERANEA BEVLE B — KRG R A . N A TS GE T v SR A T o 6 FH ] Fof
25 50 FC B 4387 , e BAR 4R 25 45 45 2 (State occupancy rate, SOCR) ™ ¥ e i 45 B, AL 4 1F 3 X 1
(Normal control, NC)ZH JE 4l 5 A R 2 50T 45 5L

A SO L MCTS NC 9 rs-IMRIAE AR BEXF 52, 56 3l 25 FC A OG5 28 B AH SC 1] B, AN ALWF 58 im
% DFC W R PERE , 1 HWF 98 T [ 4 % DFC(DFC of intrinsic frequencies, IF-DFC) B % 25 M fE ,
1% IF-DF C i@ i3 M8 3 i B 19 22 00 28 B0 B0 25 40 il F0IN 6 Bz JR b SR A 3 o e b, R 8 1 37 40 4l By 2R
2575 ¥ (Evaluation assisted clustering, EA Clustering) X} DFEC 1 IF-DFC #4757 228, I & R 2L
KPR . HE— 20 A SCIE X LG 1 4% b 3R S8 T A5 AR R DR AT 20 2R 0 PR BB , A0 45 I AR 285 % 9] DA &
B I B /N 3R (Least square, LS) L& 4 1E . 9 #b A 51 A K-means+ + 8 5 M 1 T4 4
K-means 7% , K-means—+ -+ 3 1 A8 A6 ) 18 2P0 (9 38 B, B A i S5 pe SR SAICR T8 4 A 4 051

1 #R7EE

L1 HI\EREMBLLE

AL K H (Alzheimer’ s disease neuroimaging initiative, ADNI) U8 & #2 {1 19 rs-IMRI 28 FF 8095 ,
H T2 4k 4 http: //adni.loni.usc.edu/, B ¥a S 80003 1. w26, F FH s Ab B0 F0 I B% % 43 #7 ( Data pro-
cessing &. analysis of brain imaging, DPABI) T B

RO TR B0 B R AT WAL B LR bt
http://rfmri.org/dpabi, AR 241 F

#1 fMRIFEBEXSH
Table 1 Parameters related to fMRI data

Py "
(1) 38 586 BB 22 B 6 10 WL 5% 17 130 ZH i
r[]r’T[?ngﬁ BOE ADNI-2
LB 5 - Wi 38 3.0Tesla
(2) VASE 484V A Ry L UEXT BT A B9 80 Fr 047 g o .
SRR Philip
BEUE ARS8 B0 EL A A ] st ] B4 /() 80
(3) Xt T A Bk 47 3k sh e 1E 6 Sk s i OE TR/ms 3000
B 6] — O B, IF R ok 0 IR B s R At TE/ms 30
Bl 1% % K/ /(mm X mm) 3.3%X3.3
(4) ¥ 5 rs-IMRI 4 VT BC 19 MRT s 2F 17 VIR e 48

PR RS AR R 2 e PR AT BE U L R MIRT &K I 1] £ 140
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P A 45 2 rs- IMRTECHE 09 25 18], A 15 rs- MR E0E 07 LA 43 10 5% ki 6 88 0 I A A B 5 5

(5) KB —2BEHE K 6L (A E 3N S HM 33 S50 i G BE W M [ {5
SRR TE AR 1 R

(6) WA R H LA BEE AT, KA S 5 EHEA R LB LFE 3,

(7) $EATIH — A3, JF8E BT A K80 #0 5k 0% 31— A M3 il (0. 01~0. 08 Hz) .

T, K GIFT (Group ICA of fMRI Toolbox) ™ # {4 M Tl &b B K3 42 B D fE X, o F 2k b bk Ay
http: //trendscenter.org/trends/software/gift/index.html. Z# 45 IMRI{E 5 W R 25 [l {5 B 4t i fa) gk
FEBTR A, oK FH e/ AR K (Minimum description length, MDL ) 7 U A& 3 H 2l 7 o DX % 43~ %%, 38 5
P ST 43 43 M1 (Independent component analysis, ICA )% ¥k 43 & & A0S I IX . S256 W, Gift Bk
Sy B R E PR ICASSO Jr i, A2 A 10 Yk 552 50 8 B4 A i X 0% S AR A 3, 01 5 B #8282 (Rest-
ing state network, RSN )4y 4§25 1) Z2 70 1 IH 43 87, 05 226 {13 170 05 32 850 R 19 53 4> i X, Ho i RSN AR T
#% Mo ik ok https://trendscenter.org/trends/data/neuromark/Neuromark _good.nii, % #:# K RSN 434 7
K2, 4390 A R K JZ (Sub-cortical, SC) \Wr3& (Auditory, AUD) | J& %€ iz 3l (Sensorimotor, SM) , ¥ 3&
(Visual, VIS) A H1#5 il (Cognitive-control, CC) , BRIAKL X B 4 (Default-mode network, DM) Fl /) i
(Cerebellar, CB) .

1.2 IF-DFCHE%%EM&

A SR I NA-MEMD 3 i+ 55 IF-DF C , H A R AEAS [F) 450 % A ik 8] 9 FC 58 B2 TH 5 an I8 1 s o #5
B — ol TCECH N, U I e e 3 78 5080 M, 30T N + MGETE 1 MEMD J& |, &3 38 515 3 Q4
IMF , I Hii N A~ 38 38 19 IMF B 43 45 5 . % 0 i A5 20 19 IMF %140 85 TASBE 6 0 e B A 0
W5 B R SRR G, B AT A5 B 55 0 A5 9 AN AN P SIAE ¢ )2 8 1w 1 TF-DF C A OCHE L A

R(’/vw>:|:r;j(1“w):|eRNXN (1>
s N F RSN AR, A SCR A AR N S 535 M Sk e 35 17 51 50, A SC 43 ) 22 340 AS ] g e+
FEU NA-MEMD 43 fift , 753 2 M = 5 i e U3 4 I RCR

oy A A A
PN A i Ay )

171 TR Windows
IMF,

MEMD|IMF. DFC
< :

=

Fl1 IF-DFCHZERERA
Fig.1 Schematic diagram of IF-DFC algorithm

1.3 EA Clustering 77 i%
H F IF-DFC A 258 B g % AR B, R L IBOHE: - = A3 0 R 28,5 8 IF-DFC R &, R
d' ) = g (RU)) (2)
Ffd " IERV V=N X (N —1)/2,
K H EA Clustering XM ZAH ¢ 5 i #EA7 RIS, 73 SR A B RS B WA 7 L. X T
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WEB BTy ik R 228 5 L RSP N R AR I MCLAZ iR % 7E 5 — )2 IF-DF C & it (i 4173,
2K BA P MINGEFTA NCZIREMER— 2 IF-DFC KA H V34 ;45 8 325, W55 3B HL
RINGEFTA ZIRE LR )2 [F-DFC R HE V-1 . BRI 258 ANl 4R i A 4%l IF-DFC % 4= 43
B 5 IR PRI FCHE 3, bR B KOME B A Z IR B FE R — R AR, BB S — 2
FiA R 19 IF-DFC & iR K E(E R 28, 70 B BB Ty 2.3 4 50 5. ik S R 4 ok ik LR 3]0
WL B R E ) A B 7 AT % B /N SOCR, & XK

0=
1

K H n'=minin,, ny, =, ngt, k=1, 2, -, +K
NEE kA EPTR AR EELN= n b ot
Ny JCWAEBF B KA /N SOCR B E 1l & 0L 3%
20 Dy Ab L L B LER A F] — Bk
IF-DFC # 5 ¢ JZ PRSI R &2 A
S(q):[s(f’), 550, ---,s({(,)} (4)
XSy, w=1, 2, -, W /RN IFDFC#E 5 w
AN BT RIS RO A ] — RO R R
wL S Yel, 2, - K
EA Clustering ¥ 2% 3 A [A] i 18 7 X R 26

n"

N

x 100% (3)

&2 EA Clustering BEHFRAMSHIZE

Table 2 EA Clustering mode and parameter setting

EHIr BHRAH /N SOCR
B R ’
3
2 >30%
0
S—— 3 >20%
4 >10%
5 >5%

KA SOCR K AF A [F] (19 AL IR, 1l 51 AR RGBS AR , R E] 2 A1 MCT 5 NC i [ 22 A %

W SR I 5 B, b A E SO
1

K

k=1

X

X 100% (5)

b 6 AR k2K E MCTH FINC R 5 2 22, 100 g SIS I [i] R0 v 9 o 1o 22 00k 55 BAG 3%

R AU REINER 3R .

R 3 EA Clustering 85 5B
Table 3 Steps of EA Clustering algorithm

i A IF-DFC 4 1 R
St 58 g SRR L H2E A BOR AR K B ST
LR

(1) X (45 5] IF-DFC & it d),

(2) B AR

(3) 5 B2y A5 A W WU 2 381) () 25 8 A G W B D 5 %10 (d)
a) BRI R 25 B () B HBE R 3HF (0);
b) 43 S Zi2H vh MCTHINC (9 20 - S0 R bt
o) B FEINZR AL MCT, NC AT 98 9 41 3978 M B b
)
)

e) K¥MEEZE;

1) 7 B 2R A5 2 AR AR (DM 45 3, 45 T o 52 ()5

(
(
(
(d) AR BEE 1Y 2R 250 2 2 802 i/ SOCR;
(
(
(

@) 18BN huL I i R 6)(7) I8 LR A 7 51 % i SR 2 A
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1.4 LSHHERE

Nk — PP EA Clustering (19 525 M B I F — 25 48 BURRAE 2% o 8 B — 9 AE 58 ¢ )2 B9 IF-DFC
KRB A REPOWLIEAS @ LSRG KR LA A, IS 86 REUE itk — Lo d 0 FE
TIE 358 1R 43 2 Y Ay 3 X 7 19 SR 28 T A W A A R G SRR AR SR B AN

4 a’e RN EA Clustering 7655 ¢ )2 155 2RIt 2 B 0 bl KA 3825 b 2% i 41 10 6
FmH

A(q):[a(lq)a(ztﬁ, e a(}{g)} (6)
B—WARTESE ¢ 2 L5 w AN I IF-DFC K 5 R Rm A BRI R LA A, 1
4 = AlDglee) 1 §(f1-w) (7)
Aot g0 R0 S B B4R 01 AT LS B4
glre) = Al glew) (8)
A (o) TRt . B H %R WA E DS RECR B ST Y R IR & R %
ol =[gwV' g2 ... glew)p (9)

ERITE L RWE AR,
R4 LSHMERNTRE

Table 4 LS feature extraction steps

i A5 g JR TF-DFC %tk d"), w=1, 2, -, W

W5 g SRR A R )

B
(1) 1655 g J2 1, th 3 309 B 51 R (5)h B p LS E A
(2) B (DILB T FN S ¢ J2 4 w0 DB O R B B 61,
(3) 4 WASBT 1A L4 2 B0 045 31 20(8) i A F 2 Bt @),

1.5 4 ES

HMM J& & FI T B ] F 30 A9 43 JE B0 |l % 3 nf DALAS 51— 2 51 59 B[R] bR 285 3 41 TR I AR SR
HMM %1208 25 77 90 4053 255 38 5 399 B8 o5 KA 583k 43 3 6F MCT R NC il 25 4 52 3280 19 B ) AR 28 0 971
Y545 5] 2 4~ HMM AR 143 531 3R g A~ 450 AL 00 38 42 bof ) bR 25 09 3710 A9 % 50 B 4%, Bl 5 L R/ Al o
Fo NI —DMER MCIH NC AR Br b2 —Fh Z o3 38 ad B2, i SVM il i 5 4% 57 ik 25 1] fie 10
TR SRR - T BEAT 432, HORT N e R Tz B A R AL TR SVME 43 26 g 3R 3 45 B 1 A A
Ko AN A5 B A LS REAF A 25 0 AR ST SR A HMM #4285 b hik R hitps: //www.cs.ubc.ca/
~murphyk/Software/HMM/hmm_.html, SVM & ] MATLAB A F2 7, 4 JE a8 i A & F T DFC Al
IF-DFC R 4558 Bl X (6) BB RS T A R EMA X (O E B LSRR, IR 240Kk
FLAR UL .

(1) UnHMM-DFEC: iy % 3 Xf DFC fF JC I B R A5 8 5% 5 K i, AR HMM i A #4750 28 1
H, DFC 56 25 % i R AR 4 UK F SCHRE39 ], HMM 40 28 7 0k F SCRR[40-41 ], 1 38 21 96 3 597 1 b 3 0
22 IF-DFC, % ¥ H A DFC, T I 9 73 2k B DFC, ¥ 02 Qb b 34

(2) SupHMM-DFC: 3 3%} DFC fEA7 Wi R A5 256 8 K 2, T F HMM 472,

(3) UnHMM-IF-DFC: H & 3 X% IF-DF C /F JC Wi 3R 815 B % 28 x &t fff FH HMM 4325 .
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(4) SupHMM-IE-DFC: 1 % 3%F IF-DFC VEA W 52 fdi 1 HMM 4325 .

(5) UnSVM-DFC: i % 3% DFC /E T Wi B R 2B B A Rt SVM 4325 o, SVM 43 2545
5 ik [ 42 A T

(6) SupSVM-DFC: Hi % 34} DFC fEA W BRI i SVM 4326,

(7) UnSVM-IE-DFC: 1 % 3% IFE-DFC E Jo W B B2 ffi FH SVM 432 .

(8) SupSVM-IF-DFC: {1 % 3%t IF-DFCEA Wi B2, i H SVM 432,

(9) SupLS-SVM-DFC: % 3% DFCEA M R 2, th £ 4153 LS HFRE R SVM 43 285 6] 3 3
Ffl, R AR IF-DFC 75 840 DFEC, Jm 18 19 53k 2 it .

(10) SupLS-SVM-IF-DFC: 3 3%} IF-DFCAEA B 2, £ 415 8 LSFIE, R SVM 7325

(11) UnLS-SVM-DFC: i % 3Xf DFCYE T i & 2, 1 R 415 8 LSFRE R SVM 4328, Hrr,
R FHTC W8 R 26, 3R 36 0 LS BLA R J7 vk 3k 11 SCik [ 23], Ji 18T A9 S35t J2 Atk

(12) UnLS-SVM-IF-DFC: % 3% IF-DFCAETC W& T2, R 419 8 LSRR 1E , R FH SVM 412

(13) UnLS-SVM-IF-DFC+ + : 6 & 3 19 K #4535 8 #e Jy K-means+ -+ 857, F iy % 3 4
IF-DFCAETC WA 25, th £ 415 3 LSHRME R SVM 4025

DR LA SR i 355K F 5 4 38 SUHGHIE , S S AR REAS B AL 20y S 41, LALVE AR 4R, Jofih 4 411k
IR S & T 2 AEy LU A o 1 s SR B AR Mk, S 0 b 480 T 10 W 5 4T 28 SUBRIE , PR I A
L HUER RN 50K LI S5 BT ME . 53 Ah 16 BN R 4y 8Bk b, 0 B IR 2K 0 ki 4 Al
YRR 10 I A B R AT IR 28 A B IR R SO I R AR B R AT R

2 LIGHER

2.1 EA Clustering B &ER

AR 94 T EA Clustering % DEC FIl IF-DFC By 32845 5, 82 5 1025 A R 28 ], 2t
SEACT BORSESS , LI A5 SRR SO SLIR A BIME o 3 AN AR IR G T R L X R i FC RS, B T
F— R R B K, B IIZ FC R R R 50 YR S 56 Hp Rl AL B0 — IR &5 51 AU T R
LSERUNOESE .

KOG T DFCRYRER AN b 22 . IWESATLIE I, A W EA Clustering Z S ] 2 H G Wi B+
RAEEMRAT 2, B s i L e B K . RFIe B 3R 2 I be 22 M BN HE S S 2K 45 .4 30 2,
RIS ) A EURHES N R H 5 4 3T 2, ISR R, BB BRI ZL  BE LR 2ES
%

%5 DFCEA Clustering B &R
Table 5 DFC EA Clustering results

BRI AHEEERE S AUEEERXE PIARER ES PARER BN PRARER ES PAVARER N

BB 2 3 2 3 4 5
HARE/Y 100 66.67 13.26 18.45 23.15 30.79
RAmFE] /s 0.02 0.04 1.74 18.38 27.63 31.17

T/ W TIF-DFCIRZEL R, Hp A TZBEEFTEAEE—ZMIMF L7, HILER6 AT
IMF, . IMF, fll IMF, JZ I B9 R 2545 54 38 OB R A SCBRIATE X JL)ZE IME 2 2R3 R B8 i . R 5T LUE
FA W B R AR D F R W, B b 2 WS TR . XTI R, i JE IMF,
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% 6 IF-DFC EA Clustering B2 % R
Table 6 IF-DFC EA Clustering results
E P ARBRYE ABBEERE  THEBERE  THEBRE  THEBEERE  TLBEER%
REANH 2 3 2 3 4 5
11.31/1 12.68/1 27.28/1 27.46/1
HiH R/ % 100 66.67 6.78/3 17.08/3 21.72/3 31.63/3
14.58/4 17.63/4 22.40/4 28.88/4
4.09/1 46.87/1 125.48/1 185.65/1
I} A] /s 0.02 0.04 3.38/3 16.30/3 27.50/3 19.75/3
2.70/4 19.27/4 30.51/4 23.42/4

1:/1./3F1/4 4351378 IMF | . IMF, . IMF .,

A L 22 N B R A0 528 (426 322 RAEHT[|] 4 M S K K, 3K IRz, 2K

W HEB

ML SMEE I H R 6 PR IMF )2 1Y 5 EE 228 B3R S $2 7, Bl an 3% 6 b IMF, 2 1 428010
b 228 T # 5, X FRIEM A, FE 6 I L IME 2 AR Brg > F RS, FlIMF4 525, A
i, BRI 26 5,6 A0 bl 2 A IR S R 2 AR T .

FE 2 FE 3 545 T DFCMIF-DFCHE IMF1 )2 B RIEPOMFCHEME . 5%5,6 8, A 1WE
e MCI L HE RINC B HE R 28 o ) R i 28 SRR, 5340 BT AR 2L NC (5 H s i 2k

State 1

Q
]

455 £

SOCR:0.43

MCI:0.44

NC:0.56

SOCR:0.12 NC:0.67 MCI:0.33

State 1 State 2

3 28

UAS @ O
VJ%V,SU

m
28

.13 NC:0.86 MCI:0.14 SOCR:0.38 NC:0.48 MCI:0.52

State 3

State 4

ic ety
VRN i
0.8

SOCR:0.37

NC:0.34 MCI:0.66

(a) Supervised clustering

(b) Unsupervised clustering

K2 DFC¥EIMF, 2 I EA Clustering 225 3L &
Fig.2 Clustering result of DFC EA Clustering on IMF, layer
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