hEREF: YHEF hE RXF
SCIENTIA SINICA Physica, Mechanica & Astronomica

¥ B RFL% LR 2 LR

2020 &£ % 50 % 55 1 H#3: 010506 CPIERRE ) Zekal

SCIENCE CHINA PRESS

physcn.scichina.com
CrossMark

& click for updates

AT RE ML B AR K o th it ST g R

~ 1 1 . 2 2 N 1* 1*
FILH, BHRR, RFR, AR, FLE  HTRE
1. P90 R ARl 5 EOR %R, 122 710049;
2. ZEHIRAFIPLRL A 5 BOR 2B, 221 730000
*FR RN, ZIE, E-mail: liyoujunl @mail xjtu.edu.cn; 3 F I, E-mail: huangzg@xjtu.edu.cn
Wk H 1 2019-05-01; $232 FL 1T 2019-06-06; %% Hifi H #A: 2019-11-25

B K BRI S (ST 11275003, 11975178) INFIFPE Rl 5 5% 5 [ 5K 8 A SL I8 = TR (S 5 : CNLYB1802). 3 IR & 2L 4 2 A1 Bk
P98 BB T RWEHTRITH (445 17JK0553) % B)

WE ARE-—MEVWERAG, EMANNEHUREENFNEFRE. BEHZTE. ATHRFTRE
AR R AT EER. o) AR R K R (IMRI) % SR T DASE I b M 40 By ATl A0 208 2 5 5 B D AR
%, RNEADMARAEENOEZHAHA; FIof, RENLERGFENAREAME THENLHRET =
EWERMBALS. AXERTLFRETMRIFARMEEENETREXRATRAERFALEZEE 2
PR, BER RN, BRESN, aRTERRHEESN, WEARSZEHWRER RSN
FOXFENBTREFTHENEE, EAUKARE. BETHRELSMORMERZEREEETRT FHN K
R, AT, MEWERGEAN T L RIS R EHZEHFIENTUARE, &2 R G2 b A A T80 LA
TR BA T R =

XA O REW %, ek IR AR, REEEE

PACS: 87.85.dm, 05.90.4+m, 87.19.1j, 05.65.+b

il

1 5 20 T SR AT, 40 L ) 30 Sk o 3 g R A T A 4

fImes 258, WIHEEN. AHHR, ZRESEE

R NS . AN & Fh O 3 AR A A%
O, WRA A TS CALERE (1) X, FR A 1) TAEALH, i3
a7~ NI REMIR LA, & H SRR U <2l
SRS, WSR2 1Bl A 50 T I A 2R Bk, I
THaRE, FERE. WS B S A ST
T .

KL E1TA2(10" YN TR T 12(10)A

AR A", BT MR R RS, Lk, 2
KRGS AR T IR KR, FETTIAREIRE
HEMQUH, 9= B 45 AR
TSR ARS, HRICEMHAMR K ENR]. R
RGUIRLEE T Gty R8sl )y A 2R M 4
L2 FRTNEMELG, BRIE N TAY . &
St RG AL HERIBTTE. Ry R

doi: 10.1360/SSPMA2019-0149

SIAMES:  #oCal, WEAL, BRIEE, 5 MihRE 4 dist S Tt AU . R MBS 3% RO, 2020, 50: 010506
Huang WM, Cao L C, Chen QJ, et al. Modelling and analysis of brain functional network (in Chinese). Sci Sin-Phys Mech Astron, 2020, 50: 010506,

©2019 (HEMZFE) FisHt

www.scichina.com


https://doi.org/10.1360/SSPMA2019-0149
http://www.scichina.com
http://physcn.scichina.com
http://crossmark.crossref.org/dialog/?doi=10.1360/SSPMA2019-0149&amp;domain=pdf&amp;date_stamp=2019-09-10

TEOCHEE. R EEE W )0 R0 2020 4F B S0 RO

ARG, i HERMERERTIETT R L1521
UIKIEGAp-ZN

AR, AR AU T g BUR AR 1 R R AR A8
FRRFEREFCHEN T BB B, 1 B R IR AE 5 5
7 A WO IR S 1 ) B L 4R B8 (Functional Mag-
netic Resonance Imaging, fMRI). I A5 4F 4 diiE
1] [ % ok B 4 (Diffusion Tensor Imaging, DTI)™
S T 25 B A T AR A PR 20 A AR 1. TR e
T B PR A5 PR A XoF ki Iy e o) 9% 14) ) Ak AR X o v 531
(4973 BT AR K AR 33 1 N A% i T e 5 AL (7 3L i
AL T BT 3K G BRG] i 9 25 (1) 43 i 5
B, DLR KL 22 G R 52 0 I 4 FRORRL A 36 AT I 1) 2
FUH R H3E .

2 FXPLEHEIA
2.1 PNIHEEMZL

KA ] 3 6 1) <2 LA A3 75 22 22 1 IX 1) 3 10 3
T, IX LG X A] BEAE 7S (] A RS RE, (HR AR EE R
AR S AR DG, 6 i X [R) ) B R AT
A ) TR TS K 0 v 2y [ A A X 3 30 AR 5T 1R A
WL RAh, 22PN D e B G R A A i X 18] D g 1 45 (1)
AR, WP R 2% 8 BRGE (Alzheimer’s  Disease,
AD)"""| 114 7% i (Parkinson’s  Disease, PD)!'™. 7
MOAE (Autism)! BT LU D BE %4 I WF T AT A
TRBER 2 W, BA BB R R ANE.

2.1.1 BXIhEEMLERYIR R

HRHE NI E i S A ANUE S-S IMRIZE, 85
3L J%4343 BT (Independent Component Analysis, ICA)&
T, APMEE R H I AN R Dh e s e X, X 4
H RS [ T BE TR TR T 2% LA BR AR
A M %% (Default Mode Network, DMN). %8 i i 4% (Sal-
ience Network, SN). M 34T 4% (Central Execution
Network, CEN). ¥ & M %% (Attention Network, AN).
b X 2% (Visual Network, VN). Wy % 2% (Auditory
Network, Aud). HI%iM /%% (Prefrontal Network,
PFN)AA 12 5)) W 4% (Somatosensory  Sports Network,
SMN)Z%.
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(RS A R0 3 i A9 H 2 T DMIN I £ R FL 1
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O I R, PRTE 23 TV ) B R AT R ) Ak
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Correlation Coefﬁcient)[39]:
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JATE E 45 B (Compressed  Sensing)Hk )7z i Y,
Horzo 0 AR R AR SR 0] 9 R 3% B (B B ) L Y5 4
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Bz, A8 FH Lasso[B] V= B ) 266 3% 62 1 i i 120X — 2 56
SR N BA 73 AT B 20 R SR A, R 8 BT 25040 B (i)
1] 5 71K 85 ) s O,

B 1 (MK Lasso/f H R 2 K GD4541). B+ 1E )\
2 (81 3 R AR B I 2 AR, 55 30 AR 1) JE B B e T~ 1
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T 1 T A

Figure 1 (Color online) The schematic diagram of Lasso (3D case).
The regular octahedron in the figure is the equipotential surface of the
regression coefficient vector. The thickness of the thin plate depends on
the balance parameter 4, and must actually match the system noise level.
If the system connection itself is sparse, then the true coefficient vector
is usually located in the vertex or edge of the facet which is near the
vertex, and its estimate corresponds to the intersection of the regular
octahedron and the plate (the LASSO is constrained by its size and
thickness), which is generally the vertex of the regular octahedron.
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JeB AR, X TR D RE R B A MBI, L3S
Bt /MR S A 3 e 1 B 11 e 2R L e R0 2 AL
BB A, B AL EAE BRI G, AT
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W) 28 L 28 I AIE S B 57 1A $2 DMNAFICEN WX 45 )35 21
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T BN AT B A () Ay, i BRI E A H R IA
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SCEDY TS IR W R (12)
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2!
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TS TR ORI 7L, U AEEE S5 BT /R 22368 BRORE 25
& DMIN W 45 11 43 #7500 L AS T3] A X [0 174 B8] SR 2 32 4
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FAR R WP AR B, IF B A 2R
BRAFZEVERF LSS i, ARHE & M T2 T IhRE a3
AR AT I X 7] h RE R0 447,

A 3 AT SR SRS 15 9 R S G D S 2 R 4% 1 9
FEANE2 7. WOSRAE SO ¥ B A J B AT DL A Ta-
ken'siE BB, S BN HAR BAT AR S R A, f—
YN 18] 7 9134 IR B F A PR s 0], A9 B HAE m gl
B HIREM,, AT T B /ARl B AT 328K
R RIS (B SE IR R i, R M, B B R S
(1] Fp 31 B AL A 21):

X, =[x@=(d=1)), - x(t = 1), x(1)], (15)

HARd i NAES, B R AR 10— 4515 538 SR B d 4 1)
7 [A].

X F AL AN R 7 B Ay 8 71 2% R 4, ity
SO T, DAY DU I X 7 SR AR BOC Ty 1R R
At Sl SR SR A 2 e Ik 7 AR ERe PR AR A [ s e AR AR
oy IR, AR SR (S T ey e 1 sk
(9 1 51 AR AR Sk 8 A AR By o xR 5 T L ()R 2 7
AR). W y | M R e At 7 Ay, T
FEI (8] s T ()| M., TEM, LU B R X IR I
dH1A R, SRS TEM, AR B 5 1L g R B[R] AR R
F R AR 5 LA 3 ok 45 B 6 Y, B B B 1T
T2y (0|M,:

d+1

ﬂ0%=;wM) (16)

XWMWW
It

Bl 2 (928 RRORE WA BB SO S D773 23 A AL A 1 o 19X 2%
A
Figure 2 (Color online) The schematic diagram of convergent cross
mapping.

ER IR Ew (€ {1, -, d+ 1)) IR
¥, R R AT
e *x,iz/x,*x,lz

LU e e T— (17)

z e N 2x, = 20
=1

ZJ5 ARy B SR BT 8] 7 A0 D R AR 4R e 10 45 )
Ky ()| M7 HVBATHISRTE S, AT B A Ay 2 1 A
RIEZIRR).  H AT Xk 77 VL AE MR A
FHIEAZ I, AL D Be X 25 (i 50 B B
IKIEN

(2) WGy ReEFE (I AR RRAE . ARTE D Re 2 18 B 1
E DR W4 TR IR T R G T FRUIRES R
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BHFCRY, RIEARES FREL 35300 i
HRUOU L BRRIE O A A ot B Th B SR B AR AE 25
RIS ) — 521038 A [ 55 S 3T 2 B R 4R,
Rety RN DI REE AT EZ . A AWVIERH, #
BT ReER S R R AR 1) i A BRI T N
B B VELE RIAR S E ) B ThRe B L T )
PENASARWAE AL EIRFMEimsh, SmeE
TR AL A K Besh, A RTS R IR T B
DIREERL BN ARENE, A v AR J5e i it 5 ) A2 B
SRR R, I Th R I K B A R OB 5 B
HEMHES AN HMME. HAT, fEMEREEp R
F ) D Re B ZN A 43 W A LR LR

1) ¥ 8N % 43 #7 77 1%(Sliding Window Analysis). ¥
BN 3 M 72 B TS F 0 D) RE 2 N A R (1
FFB. B E e b e w KR, vk B 8] 2 A i
DheeiEse, SNG & VR )7 1138 30 ] E K B (M
AT ] 5 B — N e H ), BT R O AR
DhieiEsz. ZAFEFE nT Lo B A g #E D R ik
FEBEI [A] () ASA RE AT B fh, B R A i TR) 2 0%
KB, TN AT AR EIRR e A R, B34 H T L
TR RECAHThREE R TR bR 5 T W B0 & 7 A R
BEHE. ZHECAErEVE 2 A PR IE B o] DU P )
TERIThBEASH LR . 03I Sakoglush N 74 o3 24
i B8 R R 52 ORI AT S5 AR T b, R
B E o B RS ECA) 2 Bir (IC AR 21 52 10 T Re %
PSR 5% W KIEIRIE ARG, A 4F,
Hutchison (7 75 1 BA 7R 5 B 75 32 46 A 5 g [X
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Figure 3 (Color online) The schematic diagram of Sliding window
analysis. The time series of ROI (Region of Interest) is extracted by
sliding time window to calculate the correlation matrix in each window.
The k-means clustering of the correlation matrixes is used to obtain the
brain functional network under different sub-states.
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5, ABAZ TR A 5 S i) G T B )
KRG URIEFT R D e A g w3, B3
AACIE 7 A2 LLULIE 2R GUR A VI H Ry AR I ) RO

2) FRILEE R 4 HT /%(Single  Frame Co-
activation Pattern). JKIRE & T B (1) LB A1t A 22 i
DX B [F s, He 7 ) A v] a5 IMRIEEAZ I BOLD
Mg, BEEE R T VR BOE — A H R
o XA Ay P15 R0, B SR — MR AR
fib ™ f 5 1A T RS EOE SO, R B d iz AT
M2 S X O A AL B S AR R e ah
i p kgt R AR T R BTSRRI A T R — A I T A I
Z, AR I I JE R AR X e 2% B R AR A
FOEREEX,  RIZM 7 5 DR G At DX 3 R A
3, it — B T IR L e A T AR B ik D e AR
BRI BHARHE S WA SN ThEE RN R 2. EI48 AL

a1 M2 it ~PCC

BOLD

9990 80 70 60 50 40 3020 10 0
B @A)

CAP N+1

~
-~
-
e ——
-~
-~
-

CAP N

B 4 (048RRI B i ] it 3 380 A5 5 20 W 7 VR R
B JE IR BRI AE S H AR DX (R 55 20 B0 R,
I HRIUAE H Ar i DX B 1 IMRTE MR #EAT S8 0 #r, WA
P35 H ARG DX b R B AR X LR AT REAF A AN 7]
Figure 4 (Color online) The schematic diagram of single time frame
coactivate pattern. The activation state of the target brain region is
defined by a specific threshold, and the whole brain fMRI image is
extracted for cluster analysis when the target brain region actives, so
that the brain regions that co-activate with the target brain region and
their different sub-states can be obtained.

BN TR] i O AR o T 7 R s L

L TRe M4 A b, 2 R s B o i AR
IAE T DA B 421 7 2R i 7 i [X 2 1) B A )3 2
KA, EI7EEAT DLIRTG SRR 147 s B2 1) 22 A4S 2% ) 3
WA, X LA X B8 o 4 7 I D) REE 21 SE R 4 1)
I AR AR BT 2 i RU P R TAEAE B
SRR, g st B PR AGORT Ao T RS 110 1 i D £
MRS ISR R AR DRIk, 7R EAN R Tt
AR AT R, AR IE R AN = i S T VR T A
P A7 A R L

3) B34 777 (Time-frequency Analysis). 4
3T 7732 AT FTAG TP AN B TR R 20 18] (R AR P AT AR A7
W fa R &L Hd /N AR i (Wavelet Transform)R J50FH T
SO L, T AR B AR R IR ) RUBE T X6t
DIReE A5 5 AT 00, A2 P o HE R A Ak, Rk
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Figure 5 (Color online) The result of time-frequency coherence
analysis of wavelet transform. In the time-frequency plane, the
influence cone is represented by a more vivid color, and yellow to
blue are used to represent the coherence spectrum value from high to
low. The phase angle between the two time series at particular locations
in the time-frequency plane is indicated by an arrow, the arrow to the
left indicates that the phase is consistent, and the right indicates that the
phase is opposite (up and down represents advance or lag).
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Figure 6 (Color online) The schematic diagram of brain states space
energy picture. The pattern of activation intensity in the graph indicates
that the brain is in different states. The depression (low energy)
corresponds to the brain’s homeostasis, that is, the main brain activity
patterns, and the raised regions (high energy) correspond to the brain’s
unsteady states, that is, those persistence less modes.
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Figure 7 (Color online) The schematic diagram of neural network
connection.
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Modelling and analysis of brain functional network

HUANG Wen—Minl, CAO Ling—Canl, CHEN Qing—Jianz, SU Chun—Wang2,
LI You-Jun' & HUANG Zi-Gang'~

! School of Life Science and Technology, Xi’an Jiaotong University, Xi’an 710049, China;
? School of Physics Science and Technology, Lanzhou University, Lanzhou 730000, China

Brain is a typical complex system. Understanding the structure and working mechanism of the brain is of great
significance to the development of life science, medical engineering, artificial intelligence and other frontier scientific
studies. Functional magnetic resonance imaging (fMRI) and some other techniques which can achieve non-invasive
acquisition of brain neural activity signals, are important auxiliary techniques for observing the behaviors and functions
of human brain. While, complex network theory and the related methods provide the main theoretical and technical
framework for exploring and understanding the mechanisms of brain. In this paper, we review the recent achievements in
functional network analysis and modeling based on fMRI and the other techniques. The methods include correlation,
causal brain functional network, time-varying behavior analysis, energy landscape and data-based dynamical modeling,
and so on. The related principles, applicability and limitations of these methods are introduced. At present, the brain
network modelling based on data analysis has achieved abundant outcomes, while, exploring the brain and neuroscience
along the line of complex system theory is still promising due to the continuous development of neuroimaging
technology and the rapidly accumulating high-quality neural activity data.
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