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Abstract
human brain connectome, where identifying brain EC networks from neuroimaging data has become an effective tool which

The research of brain effective connectivity (EC) networks is an important topic within the community of

can evaluate normal brain functions and their injuries associated with neurodegenerative diseases. For learning brain EC
networks from functional magnetic resonance imaging data, this paper proposes an ant colony optimization algorithm
merged with multiple source information, called ACOMM-EC. First, the new algorithm employs diffusion tensor imaging
data to acquire anatomical constraint information among regions of interest (ROIs), and uses Pearson positive correlated
information to restrict the search spaces of feasible solutions so that many unnecessary searches of ants can be avoided.
And then, by combining the joint active information between two nodes of an arc and the original heuristic function, a
new heuristic function with a better heuristic ability is given to induct the process of stochastic searches, which enhances
the purpose of ants searching, and improves the optimization efficiency. Finally, the algorithm is tested on different data
and compared with some recently proposed algorithms. The results show that the two strategies are effective, and the
solution quality of the new algorithm precedes the other algorithms while the convergence speed is faster.
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space compression, heuristic function revision
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Fig.1 The mapping relationship between EC and its corresponding candidate solution
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R R 4i. AR R B BOR O iE AR 2R 56
B AR IR 2R, AR GLHEE B3R S0 Rl =T
ErIOE I o R AS BT MRALE (9R) ik,
filt (0 JRFARAL S P B A R B 2 4R,
VR WURE AR BT AR R IR AT — Bk
A (AR, S8kl 5 A5 2 AR AT
[F), b BEmE Tk #E. S Bz 2 B
hE

N, fMRI 24 F0 DTT £,

Wi, RN R M 45

A, WESE R PIANIRIX Z 8] 1
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47%

R R B E BAR R AR A DA B

W 1. A S B R4 75 ).

IR 2. WO R, IR (1)
M (2) Mg, S RE B R oy, HE R
Bomgs MEVRIES: 5 A BN B AL AR R, 2401
FILRIEAT I RR, A Yar L G5 B ST 4
Jafm D R, $AT R A AR G

W 4. RNV IE NS GT.

MEEFAE A WL, ACOMM-EC 52—
SR RAE B A WO B 5 RS- WL AH fil
A AR S L. R e R F S R B S RN T
LT O R A R R 48 7 $8 Z 5], 32 A i 2k
R, R RS BORE B RELE K am i E K
PR TR A BRALE I RE D, B 2D R R A R
Vil)iie=o
2.5 HEZEaoH

Y56, 408 ACOMM-EC Sk e stk ek
[33] MELE R T ACO WURFSELIL S, &g
HEIEARIREE T I95 1 ACO WURESL 24 LI
1 WS T4 R, T ACOMM-EC Sk
T ACO HEZE N UL A, FLSCRE S0V sk
PR 55 BT R At 1) BUTE D (1134351 iy DA F-ISURE AL AL
(1) EC 22 2 Bk AEA R RS, ACOMM-EC
S, TS5 2 IE TR 98 2R A ) s 4 2 4 1)
AR R A — AN E, e AT AR %R A ) AR S
BN, BT LA SRS AN 23 5 i SORE SO (R,
A AR AT RE N PSSO 2. if 28 AR SR B UG
5 B0 G R BRBUE IE H e R AE B S B —
FhAS Ak, VAT S WSO S R BE AL DL AL AL EE, it

N T WORE VA SA T, A, ACOMM-EC
BE SRS

FLWR, S AT BRI VE . T GREAL L
(PR ATLAE 2 552 5 JLA BE WL R Sk —f, 2
WIS AE T Ge il 7 vk 8 L B — AN B i &
ST EATH WGV, Prik, mORE R — Rk
T ERVHEIFATROK, I HARH S FUBAH 7] (1)
15 DL N IEAR IR BB 2 o STk ACOMM-EC
SREVE— 7 TR FH 45 8 249 JRRNAR R Hs 4 45 28 2 [) R i
DAL AR, 55— Th, R Rk IS 0 45 2 s
R RS IE SN RER A . S S T I
DEE R IREL, BRSBTS 5ROV
Sy RIS O B2 IR I TR P g, B
P, W L A SEFIEARIREL, m A BRI ISR IR,
N WX R 5 ACO-EC 53k i I 18] 52 4% 5 4y
O(L -m - N?), # ACOMM-EC HERERXM T 2
AT G, AH DR R A O SR R AR RE S By DAL

I T 2 2% P 5 I B0 RI ). i EL, s 4 48 28 2 1)
SRR WOREAT AL R AVE [, il N2 {5 W]
AR @l S 2 A AR SR R T e R
WO R IOE HAE, Sk, Wit L {5
/N, FTA ACOMM-EC S I T ML R AT ml RE <
b ACO-EC SRR .

3 KWERRHESMH

J T K AUE ACOMM-EC &k mA 2, ok,
PATTFH b v A7 04 A AR R 0 B s, 6 P R R
W (RO AT T 900k, JEREFr L S A 6 Rk
HEAT TN EESIEEG. AR5, R R S S0t ol i s i sz
MMEREAT T LB T 358 Window 7 4
{E R4, Internet Core i7-4770, CPU 4 3.40 GHz,
WA 16 GB, HiLH java 18 5 gife sl ACOM-
EC H5A 6 M2 MEIE m, (5522
B oo, JA KRG BERBE 5, 5 B RERK R p, W
TSR R AR i FE 230 qo, A8 3 U0 I p.
KR SER R, B R IR S H A R IR B,
ML RS E BN n=1, a =1,
6=2,p=04,qo=0.8, p=0.75.

3.1 HIR&ESITMiERR
3.1.1 {AE fMRI HiE&E

Smith 7 HA A& Smith et al. 7 2011 4
25 I — ZHBEAEL EMIRT IS [) 5 270 PR A A A7 S0 B0 40 4R
(http: //www.fmrib.ox.ac.uk/datasets/netsim/
index.html), 1] H 58 UF A [7] 77 ¥ 3R 50l i Dy e i
2RI 250 e ) VA . Bl AR LS 28 4L
PR, 4R 4 R R X 5 (Nodes)
FAH N 7] (Session) Bkrh B FE A IN ] (TR). ¥ 5
(Noise) 1LV 5]y 7 77 Wi V. pR 50 HE 38 N 1) 1) A 4 22
(HRF std.dev.) VA IARZ A oM R 2. — 220 5%
M, I8 DX PR RIS i 250 1 3 4 P 2 Rl g i
AR SE, PR P ATTIEE T HAT AR Y s 2 4
LIRS AR SO EN -6 00 N CIPIRFS 1P AL
A7 AP 5 50 M (Subjects), £ T
sz rh, JATTxr 50 AR EAT 20 #r, 0
PEAEAT T B UL AR R, Smith 7 F AR I B ARk S
ok 1 P,

Smith {7 I EHEE S KT A (KX) Lol
50, RUALAL /N, MR (1 %), 1 ek 7T b ) T
DX FUAZ 90 ~ 200 ], TMRI £ d [ i 75 b i T
1%. A T RAER I AL e . KRR 251 D0
[k fie, FATHEH] Smith 05 FLECHE 5 1) Ecds 28 il 77
Vi, AT LA R R ORRASE I 2 7 R 0 A
PAHE— D IR SR i A k. (0 B 1 2 A 1Y



44y

TR IBAE: PR 2 YRR S PRI RS I A MU 2 > Sk 871

AR R (DCM), HHAE Ak
Zys1 = 0AZ, + Cu (8)

Hr, 2z AHATESI RS, ¢ 9 EHin %], A
FrEM 2858 (Ground-truth), o HEWERE, C N
PR, o AR (B S ), R e
) 5 W] s A e B FRAT TR A R I TR g T 600
o, RFEEEBN 5 280, X KB R ER 5, o
WA 2.5, u AR AR AN N, H AR
HEZE N 1/6 e s, o AR C 73l e
XN

[—1 045 0 0 0.41]
0 -1 042 0 0
A=10 0 -1 047 0 (9)
0O 0 0 -1 039
0o 0 0 0 1]

(1 0 0 0 0]
01000
C=10 0100 (10)

00010
0000 1]

] DCM BB BT 2 vl AAE st B 5 (a) BT
5 AR DS A 28T B I )7 210 SR e R e i
2y IR 8]y 51 5 0 50 3 2 i [ bR 8 (HRF) B,

W 3R13 BOLD {5 580k, #AMA 3% WS Jfx
BOLD {55 #5417 TR = 3s FRAE, @ n]3k1%
200 AMISHA] 25 ) BOLD fMRI I ) 2 51 58, 2 &
5 (b) .

AR R 2488, el 14 Bk BRE T 50 X,
IR GEAT BAE — RO MM, TR 18
B2 50 Ak 1 MR I [] 7 51 £ Sim2-1.
HAbiHb, FRATIILAE Rl 6 20 07 SO s, HARS
X2 Pros, Hoii 4 205 Smith 07 280 AN,
FURMER TR LU, J5 2 A1 KT 799 sUAAs.
3.1.2 HZLMHIEE

ASCHHAT RIS MRI £ - DTT 2k A
T ADNI (Alzheimer’s disease neuroimaging ini-
tiative) 45 (http://adni.loni.usc.edu/). ADNI
s e I 1500 44 93K iR R A Botls 41 ke, ik
[WAEESLE 55 3] 100 2 2 (8], G455 L Ak hG
(Early mild cognitive impairment, EMCI) &%,
PR EENFNFERS (Late mild cognitive impairment,
LMCT) 3, 253 800 B34 (Alzheimer’s disease,
AD) DL fi FEXT B4l (Health control, HC). Al
MR T 50 AR MRI AT DTT %45,
Hrpff 20 4 HC, 15 4 EMCI #1 15 4 LMCL
=3 4 TiZBI R I S 5 (BaX) KGRy
k.

P N EAR #R ] Siemens3.0T F 5 4CH!
8 M IE L L BRI RAE IMRI £ds 1) Ak 2
B EW R wERENE (TR) A4 3000ms, A9 K
1] (TE) 24 30 ms, #1411 (Filp angle) 24 90°, i

®1 PIEAIRES

Table 1  The parameters of Smith’s simulation datasets

Simulation Nodes Session (s) TR (s) Noise (%) HRF (s) Subjects
Sim1-1 5 600 3.00 1.0 0.5 50
Sim1-2 10 600 3.00 1.0 0.5 50
Sim1-3 15 600 3.00 1.0 0.5 50
Sim1-4 50 600 3.00 1.0 0.5 50

#* 2 DCM B sl AR S5
Table 2 The parameters of DCM model generates simulated datasets

Simulation Nodes Session (s) TR (s) Noise (%) HRF (s) Subjects
Sim2-1 5 600 3.00 3.0 0.5 50
Sim2-2 10 600 3.00 3.0 0.5 50
Sim2-3 15 600 3.00 3.0 0.5 50
Sim2-4 50 600 3.00 3.0 0.5 50
Sim2-5 100 600 3.00 3.0 0.5 50
Sim2-6 200 600 3.00 3.0 0.5 50
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Fig.5 FExample simulated data for a simple 5-node network

#* 3 HC, EMCI 1 LMCI W45 4k

Table 3 The demographic Information of the HC, EMCI
and LMCI
HC EMCI LMCI
N 20 15 15
TR (55 /%) 4/16 10/5 7/8
v 71.2+13.8 74.9 + 8.3 78.4+134

(Matrix) 4 448 x 448, 2} 4mm, 3£ 48 2,
AR 197 AN AL SRAE DTT £odls 1y B AR
ZHREW T EEN (TR) 24 7200 ms, [H13%Hf
) (TE) & 56 ms, #1%: % 90°, FFE (Matrix) A
1044 x 1044, BiEJ7 I (Gradient direction) 4 54,
AR EUE (b = 0s/mm?), 534h 48 /NJ7 [ I
PREE (b = 1000s/mm?).

fMRI ik SPM12 # At (www.fil,ion.ucl.
ac.uk/spm) Fl DPABI # %} (http: //rfmri.org/
dpabi) HEAT WAL #E. DTI %4 K H FSL 8 AF
(http://www.fmri.ox.ac.uk/fsl) #l DSI Studio %k
4 (http://dsistudio.labsolver.org) HEATFiALH. S
B FRATTIE ML T e A R RO A DG 1Y 42 A
R IX 35 (ROTs) B, &4 ROT RIS B —AM i [X.
WL BRI AR 4 F.
3.1.3 TN IEHR

ARSCAFHIREE . AL F O RIXA S WL F
I HRAREO-32) Skefliy i 2 ) B R RE. 5 LN 0K
B0 20 B I 00 T 3 W 26 S5 i), GN o b e
R0 22 ey . JUDKE A0 44 [0 3R] 331 i SCA -

D D,
I R 11 =
D.+D,+D. YT Tp

(11)
Horp, D, &8 LN 5 GN IR #cR, D, &

precision =

N IN 5 GN Az R4, D, Rox LN 77
P HAE GN sPARLEE RIS R, TD £ox GN
BRI AL F RS XA:

2 X precision x Recall

F= (12)

precision + Recall

3.2 FMEBAA RIS

h T IR AR ST H 1 o SR 1A o,
I Jent R G ACO-EC #:. ACO-EC1 %
(% DTI 25415 BT R = 0 i R 48) . ACO-
EC2 8% (ff FH A AR 2 BA WOS 5 S8R KR
$) = RPEEATE Smith 7 EHOE4E (Sim1-1. Siml-
2. Sim1-3 Fl Sim1-4) AT TIRK. B4 = Mok
BB AL S, W i AarIg 4T 30 IR, 45 LA
PIME + FRAEZEITE S . =R HIEAE Smith 1
FLER AR B s 25 sk 5 iR,

M5 g T LA H: 1) 45 AN 5
i (Sim1-1), =FhEVERIR . AR F %%57'7
1, AT )R A ). IX b o] B SRR 2, 1 A
N ﬁ;%iéﬁﬁﬂé%%u%%z%uﬁ*%F}’rﬁa%ﬁ
FEM I IR) 5 e A 48 2R 25 R) . e OIS R T 1T 44 1Y)
I JEAAH ). 2) M Sim1-2. Sim1-3 Al Sim1-4 [¥)
SRR IRATTR IR, BET AN ECE N (104 15, 50),
2R 7 ) AR KA Il 0 SR A 1 52 2% B g Wi 1 K, AT =
PR SR ARV RE A BT R R AN, =M AT
Sk AR BEdT BX ). ACO-ECT Skiks . 0l
FKHF EEs ACO-EC M, 1iis i iy &>
T ACO-EC #yk. £ 3 M4 Ligfr i)y
(I EA91 43 50 A 45.2 % 32.9 % 48.6 %, X WK H
DTT 5445 S8 AT DUA 20 s 45 98 & a5 1)) (i STE
Pt R B AR, MIRTARHL T RR P AT I ).
ACO-EC2 HyLHIREE . AR F E RN =T
ACO-EC 83k (T 1% ~ 2%), is47 i) [h]
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Table 4 The names of the ROIs
G5 Ry G5 HHK
1 AetFAMUAR LA (Frontal _Sup_L) 7 KAEAH LA (Frontal_Med_Orb _L)
2 A5 SMUER 1A (Frontal Sup_R) 8 FHEAH L[] (Frontal Med_Orb_R)
it 3 Legirh Al (Frontal _Mid_L) 9 LRI EAL (Rectus_L)
AT
4 £l (Frontal Mid-R) 10 AT BV (Rectus_R)
5 Ze A L B] (Frontal Sup-Medial L) 11 ZERTANA RIS AN A (Cingulum_Ant_L)
6 A7 A 1A (Frontal_Sup_-Medial _R) 12 A A S 0 e (Cingulum_Ant_R)
13 el Bl (Parietal .Sup-L) 17 A (Precuneus_L)
st 14 AT L[5] (Parietal _Sup-R) 18 A2 (Precuneus_R)
A
15 £ R 1nl (Parietal Inf_L) 19 ZeJEfnat il (Cingulum_Post L)
16 1T R0 (Parietal Inf_R) 20 fiJE 4l (Cingulum-Post_R)
21 Jekk 18l (Occipital _Sup_L) 24 ik E (Occipital Mid_R)
Fent 22 Fitk 1nl (Occipital_Sup-R) 25 itk FIal (Occipital Inf_L)
23 2kl (Occipital -Mid-L) 26 FF R (Occipital Inf_R)
27 i LAl (Temporal _Sup_L) 35 AR Al (Temporal Inf_L)
28 4% I-[1] (Temporal_Sup_R) 36 4% F8] (Temporal _Inf_R)
29 Zeii BRI (Temporal Pole_Sup_L) 37 AR (Fusiform_L)
— 30 A8 LR (Temporal Pole_Sup_R) 38 TR (Fusiform_R)
N
; 31 Al (Temporal Mid_L) 39 /ey (Hippocampus_L)
32 Fi Al (Temporal Mid-R) 40 ## (Hippocampus_R)
33 JE RS (Temporal Pole_Mid_L) 41 J/iifgHy 5% (8] (ParaHippocampal L)
34 F3P [Fi (Temporal Pole_Mid_R) 42 A 53[0 (ParaHippocampal R)
%5 {E Smith 07 FUEE AL L PIRRHT S A RCR
Table 5 The effectiveness of the two new strategies on Smith’s simulation datasets
M Bk R FEIEES F g i) (s)
ACO-EC 1 1 1 0.36 £ 0.02
Sim1-1 ACO-EC1 1 1 1 0.36 £ 0.02
ACO-EC2 1 1 1 0.38 £ 0.02
ACO-EC 0.89 £+ 0.06 0.89 £ 0.06 0.89 £ 0.06 2.81 £ 0.09
Sim1-2 ACO-EC1 0.89 £+ 0.06 0.89 £+ 0.06 0.89 £ 0.06 1.54 + 0.08
ACO-EC2 0.91 £ 0.06 0.91 £ 0.06 0.91 £ 0.06 2.63 £+ 0.09
ACO-EC 0.86 £ 0.07 0.86 £ 0.07 0.86 £ 0.07 10.11 £ 0.32
Sim1-3 ACO-EC1 0.86 £+ 0.07 0.86 £+ 0.07 0.86 £ 0.07 6.78 £ 0.27
ACO-EC2 0.87 £ 0.07 0.87 £ 0.07 0.87 £ 0.07 9.86 + 0.25
ACO-EC 0.80 £ 0.07 0.80 £ 0.07 0.80 £ 0.07 353.44 £ 21.63
Sim1-4 ACO-EC1 0.80 £ 0.07 0.80 £ 0.07 0.80 £ 0.07 181.84 + 16.19
ACO-EC2 0.82 £+ 0.07 0.82 £ 0.07 0.82 £0.07 264.35 £ 18.27

W+ ACO-EC (JUHAETT s AR, i) 224k
). X B ACO-EC2 SHydAf FH Al 4k 2 A3
A B KT AT A RR R, T DA SiRISURE SV 10 S fE
73, RGOSR, R A0 B 2 ) AR A AR

R

AT BE 2D UG UEAR SCHR H (P SRS £ B K
v SR 9 258 RIS XA 20, BT onh B3R =k
VEAE B R B AR AT T, S A Rk

6. £ 7 oK.

SR 5 A Sim1-1 w50, =Py (R 5
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Table 6  The effectiveness of the two new strategies on generated simulated datasets with higher noises
EIETE S Hk HiRE FEEES F s i 1A (s)
ACO-EC 1 1 1 0.38 £ 0.02
Sim2-1 ACO-EC1 1 1 1 0.38 & 0.02
ACO-EC2 1 1 1 0.38 £ 0.02
ACO-EC 0.77 £ 0.08 0.77 £ 0.08 0.77 + 0.08 2.97 +£0.12
Sim2-2 ACO-EC1 0.77 £ 0.08 0.77 £ 0.08 0.77 £ 0.08 1.69 4+ 0.09
ACO-EC2 0.81 £ 0.07 0.81 £ 0.07 0.81 £+ 0.07 2.87£0.13
ACO-EC 0.72 £ 0.08 0.74 £ 0.08 0.73 £ 0.08 12.24 +£0.41
Sim2-3 ACO-EC1 0.75 £ 0.08 0.75 £ 0.08 0.75 £ 0.08 7.43 +0.29
ACO-EC2 0.75 £ 0.07 0.78 + 0.07 0.76 + 0.07 11.01 + 0.35
ACO-EC 0.63 £ 0.08 0.70 £ 0.08 0.67 £ 0.08 431.29 + 24.80
Sim2-4 ACO-EC1 0.70 £ 0.08 0.70 £ 0.08 0.70 £ 0.08 197.38 + 18.14
ACO-EC2 0.65 £ 0.07 0.76 £ 0.07 0.71 £ 0.07 382.74 4+ 22.85
T AETE RN 0 2% A R A b T SR s 1) 2 R
Table 7 The effectiveness of the two new strategies on generated simulated datasets with larger scale networks
ISR v b i FAIEES F JEs INE (s)
ACO-EC 0.61 £0.08 0.69 £+ 0.08 0.65 £ 0.08 (1.79 £ 0.13) x 103
Sim2-5 ACO-EC1 0.70 £ 0.08 0.70 £ 0.08 0.70 £ 0.08 (8.68 £ 0.76) x 102
ACO-EC2 0.66 £ 0.07 0.73 £0.07 0.70 £0.07 (1.54 +£0.10) x 103
ACO-EC 0.59 £+ 0.09 0.69 +0.09 0.64 £+ 0.09 (1.55 £ 0.15) x 10*
Sim2-6 ACO-EC1 0.68 £0.09 0.68 +0.09 0.68 £ 0.09 (4.72 +£0.38) x 103
ACO-EC2 0.64 £+ 0.07 0.71 £ 0.07 0.68 £+ 0.07 (1.27+£0.12) x 10*

HAPRIF, F EEAlRe i Fde 1, HJEur 2 FhaEvk
(FEIEAT I R4 5.3 % BB IN. 3 300 38 1 WO fig
BILH ) 272 21 77 320 AR /N FASE P i 2080 12 32 4 ) 246 2 )
AT R, ANih 2w RS S A IS AT I
TS AT ZE K. 2) XFEbZe 5 rfAH ) X 25 71 o RS )
SEIGEE I ARG Y, R RS A R R ORE B
AR F R TR, s A7 i WA T
XYL 2 M Al BC 1R U T R . R
Ik, ACO-EC1 #IEMK . AR F JERAES
Fhig ol R # A T ACO-EC, iz 7 i ) B B4 T
ACO-EC; ACO-EC2 HIEMKE . AR F JE
HAES PO AR AL T ACO-EC, Hizqrmf Al
It ACO-EC #i. XUMAEZ AR OLT, PR
AT SR A . K7 FUH T 24 R I K
100+ 200 B =FpEE s ah 0. v LUE H, BES 1T
AN, MRS RIS K, SR
LB AT I [A] BAE S K, SRARPERE L &7 — e f2
FER . AN, BIMEEXFE T, ACO-EC1 H
EERE R F S EFabs LA ACO-EC SykA i i
PBTF, fEARIZE ES ACO-EC K45 B A1, Mifeis
AT B 3T T 51.4 % F169.5 %. X LE#

R KI, SRA DTT 25445 BT R 2= i
s 445 S s BE 0% 5 v A 3R A3 W = ;. ACO-EC2 5
0 & E AR B 2L T ACO-EC 8k, AT
)t K T ACO-EC, X Ui 78 K k3 R
TR AR R IRI R 100 T A SR R A% A7 R4 v SR i s
P, I35 Bh S 3RAT T v o (A

HpR b, 2% 8] F 46 T DA 35 4 T S50 11 Bk ]
PERE (75 10, 15, 50 75 2145 1 AT BL4y Sl s ok
45.2 % 32.9%- 48.6 % WIHET), fENREE A —
SEFRTE, BETHELBI RN 1 %. 3 & ef Bk 4
WARTIAE P 7T, AH B2 8] R AR RCR, RS B3It 5
e, AR 2 % A BT FURAE RS TR RE T I
BORAS B3 ) AR O, AT 10 % e, PRk
JEM SR, PP Tl SR T il A IS T 1 i 0 A 1 % 11
FETE. AR, 48 2R 7 ) 1) H 4 R 50 Sl 25 bty ok
IS TE) P e A TE, TS A R E 2 5O B A b AT B
TUER 4T

g5 b, ASCER R PR RR S S AT R0, T LA
el s 2H5 %k ACOMM-EC 2 .

3.3 BHMEXRINSLEE
o T K% ACOMM-EC SEvERe, BATTH
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HY5 6 FhASFE AR H A e AR 1) 5kt
AT TSI 0T EE. 3X 6 M EE g il R 45 A i o DL
-7 (Conditional Gaussian Bayesian network,
CGBN)BO | g 22 AP LAY (Granger Causality,
GC)PL, J” X [A 2P (Generalised synchronization,
GS)!%1| Patel & fFAr 1 (Patel)S, P 4H¢ (P-
correlation, P-corr)B7 Fl i R W 3% $% WURE 27 >) 51
% (ACO-EC)B. £ FIH (1 sE 5 h, 6 Fh A7k 11
ZHWEWMT, CGBN Hik: nu = 2, 0 = 5,
a = 3, maxParents = 2; GC Hik: o = 0.05,
maz,, € [1,30; GS &%k m = 10, 7 = 0.2,
h = 50, n = 10; Patel 5.7%: binarisation = 0.75;
P-corr %.v%: BOLDMazlength = 10, TR = 3;
ACO-EC Hik: n =10, a =1, 8 =2, p = 0.4,
qo = 0.8. A2 ACO-EC Fl ACOMM-EC &k
BN Sk, HAR AT ™ AR a5 vl e s
AR, AR S R BATT Lk 3K W b S A A HAE AR
gy aEAT 30 Ik, A RLLFME + drifEZE B A
gyt

156, BATLE Smith {7 A BT EE K
K. £ 84 T ACOMM-EC HikMILAh 6 Ao ik
Ry Sg 45 L.

M 8 H S 25 R LUK IR, fE Sim1-1
ACO-EC L ACOMM-EC $ 154 fit 56 A Uk
R FRRE ) W 24 458, 76 Sim1-2 |, ACOMM-
EC SVE W25 TR bR ACORRE T4 g i) — 2857
w5, W B4 F ACO-EC 5%, £F Sim1-3 L,

ACOMM-EC Sk Ak gems i T GS Hik, H
AT HoA 5 &L 4 Siml1-4 L, ACOEMM-
EC Sk #h T HAb 6 &k, Jo & m ik
F CGBN. GC 1 P-corr H¥E. %} ACO-EC
ACOMM-EC SIEAEX 4 4LER4E R s 25 1
MOAREA T K5, 45 R R PIFI BT B2 R
(p — value = 0.2522 > 0.05). FLH A, X1 HE &
T A E s A M PR AN, 1 RRUBERN, B B
PTCIEIE . 5 A 6 FPEE AT I X g5 R
Al 5, ACOMM-EC $ik Mg Ttk CGBN 1
Patel H14, HEEERE 20T GCL GS. P-corr
Fl ACO-EC Hk.

H T HEEMEE B 7 BRI AR, AT
PA Sim1-1 S %45 th 1 AsHEM 2% (Ground-truth) 1
7 AR 30 30 R I 5. 3%z X % 5 AL TR B I
6 Pis.

X LE AR 25 [ 45 7, ACO-EC 1 AOCMM-
EC SykRIMELs, B H 7 a8 CGBN 4
BUONMLERZ T 2 498, T 140K, 0 2 4%
i GC By PUN LR, (B4 T — 40
IR (B T4 IaR); GS Sk i 45 AR 45 I
m) 5K Patel 1 P-corr Sy iR 45 R4y MlAe A —
Pk, "W, £E Siml1-1 F CGBN #3kE I i
7, ACO-EC 1 ACOMM-EC HikEI 7.

h T BB IR B R R R R, FRATTAE B A Ak
(1) s X ACOMM-EC Sk Al 6 Fhi
VAT TR SEEG, g5 Rk 9 Fiok.

# 8 ACOMM-EC SyEAILA 6 FPEEAE Smith 77 FLEH L sLaex b

Table 8 The comparisons of ACOMM-EC and other six algorithms on Smith’s simulated datasets
YIRS GRIEELD CGBN GC GS Patel P-corr ACO-EC ACOMM-EC
biid 0.33 0.83 0.60 0.80 0.80 1 1
i1 FECiES 0.4 1 0.60 0.80 0.80 1 1
F ik 0.36 0.91 0.60 0.80 0.80 1 1
il (s) 0.04 1.98 125.56 0.04 72.38 0.36 & 0.02 0.36 & 0.02
it 0.27 0.64 0.82 0.82 0.82 0.89 + 0.06 0.92 +0.06
Siml.2 A Iml 0.29 0.64 0.82 0.82 0.82 0.89 4 0.06 0.92 4 0.06
F g 0.28 0.64 0.82 0.82 0.82 0.89 4 0.06 0.92 4 0.06
1A (s) 0.09 7.87 543.78 0.18 86.99 2.81 4 0.09 1.47 £0.08
R HE 0.33 0.63 0.89 0.80 0.56 0.86 4 0.07 0.87 4 0.06
Sim1.3 A% 0.33 0.67 0.89 0.89 0.56 0.86 & 0.07 0.87 4 0.06
F R 0.33 0.65 0.89 0.84 0.56 0.86 & 0.07 0.87 4 0.06
NG 1.35 17.79 1.30 x 103 0.39 131.41 10.11 £0.32 6.15 + 0.26
bt 0.44 0.55 0.79 0.77 0.56 0.80 & 0.07 0.82 4 0.06
— Az 0.44 0.61 0.79 0.77 0.57 0.80 & 0.07 0.82 4 0.06
F Rk 0.44 0.58 0.79 0.77 0.56 0.80 & 0.07 0.82 4 0.06
NG 4.03 200.34 1.48 x 10* 4.55 466.29 353.44 & 21.63 164.45 +13.24
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Fig.6 The comparisons of ground-truth and effective connectivity network learned by 7 algorithms on Sim1-1

&9 ACOMM-EC H kM HAh 6 FprEyk e A i fhi B2 bt sest st t

(h) ACOEC-MM

Table 9 The comparisons of ACOMM-EC and other six algorithms on generated simulated datasets
sk MRl CGBN GC GS Patel P-corr ACO-EC ACOMM-EC
K 0.50 0.60 0.50 1 1 1 1
. pE e 0.60 1 0.60 1 0.6 1 1
Sim2-1 B
F 0.55 0.75 0.55 1 0.75 1 1
A (s) 0.09 2.17 123.48 0.04 85.01 0.38 £0.02 0.38 £0.02
b1 0.46 0.59 0.55 0.64 0.63 0.77 £ 0.08 0.81 £0.07
Sim2-2 FECIES 0.60 0.91 0.55 0.64 0.91 0.77 £ 0.08 0.81 £0.07
F &5 0.52 0.71 0.55 0.64 0.74 0.77 £0.08 0.81 £0.07
FE] (s) 0.11 4.05 539.42 0.21 94.40 2.97+0.12 1.63 £+ 0.08
bl 0.55 0.59 0.50 0.71 0.48 0.72 £ 0.08 0.78 £ 0.06
Sim2-3 FENCI S 0.64 0.74 0.59 0.71 0.59 0.74 £ 0.08 0.78 £ 0.06
F g 0.59 0.67 0.54 0.71 0.53 0.73 £0.08 0.78 £ 0.06
A (s) 1.26 11.97 1.26 x 103 0.50 208.92 12.24 £0.41 6.86 £+ 0.25
bl 0.41 0.42 0.41 0.56 0.51 0.63 £ 0.08 0.76 £+ 0.06
Sim2-4 AR 0.41 0.53 0.71 0.59 0.53 0.70 £ 0.08 0.76 £+ 0.06
F J&& 0.41 0.47 0.51 0.57 0.52 0.67 +£0.08 0.76 £ 0.06
I (s) 3.93 134.78 1.54 x 104 3.66 490.57 431.29 + 24.80 125.47 + 16.122
K RE 0.50 0.52 0.45 0.60 0.53 0.61 +£0.08 0.74 £ 0.07
Sim2-5 FENCI S 0.53 0.54 0.65 0.63 0.54 0.70 £ 0.08 0.74 £ 0.07
F g5 0.51 0.53 0.53 0.61 0.56 0.66 £+ 0.08 0.74 £ 0.07
A (s) 21.59 568.04 6.28 x 10* 15.22 1.06 x 10° (1.79+0.13) x 102 545.27 4+ 62.19
K 0.48 0.32 0.36 0.63 0.53 0.59 £+ 0.09 0.71 £ 0.07
Sim2-6 PR RS 0.53 0.54 0.65 0.63 0.54 0.69 £+ 0.09 0.71 £0.07
F ¥ 0.48 0.41 0.45 0.63 0.54 0.64 +0.09 0.71 £0.07
A (s) 150.18 2.39 x 103 2.48 x 10° 58.82 2.43 x 103 (1.55 £ 0.15) x 10* (2.26 £0.22) x 103

iR 8. K9 MRS H, nTLURIL: 1) X
bt Sim1-1 A1 Sim?2-1. Sim1-2 # Sim2-2. Sim1-3
Al Sim2-3. Sim1-4 Al Sim2-4, & CGBN. GS %4
(1) K388 4 B9 A Wl 7 8 KN A5 21 1 = T A AR AT

AN TR FBE PR AR, 3 50 3 2 A ) W) 288 RS (R 155 200
e Wl 7 2 A K 0 B ) B A SR AR P R PR AL R
Bk, ACOMM-EC $ik 5 iy b 577k (B35
CGBN. GS) #HUEEAKAR AR $r = o 1 K Al 45 L. 491
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0.5 ZiAfy; P-corr LM F JE 24 0.55, it L
R =Fh 8k, Patel fl ACO-EC SR UL, &
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RN p — value = 0.0159 < 0.05; A HF L4t
Ky 45 58k p — value = 0.0108 < 0.05; F JEH& I
IGE T RI 45 B p — value = 0.0092 < 0.05.
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Fig.7 The average results of 7 methods on all simulated dataset



878 H | 1k

= £ 47%

G (B gt Rr iR W& 3) X ACOMM-EC 5
VR SEFIVEREAT I, 23 03K 1S T 3 A0 R B AT
42 NI (ROT Y AR E CILER 4) i &%
I 2%, e 10 2 HY T A2l K O 0 A 3 e kA
ZE AR XA (i ) A D) (Jii o)) £
G VBER AN (e en

# 10 HC. EMCI A1 LMCIL =21l - Py 5 i i [ i kg . 32

gt
Table 10 The intra and interlobe effective connectivity
statistics for HC. EMCI and LMCI groups
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Fig. 8 The connectograms of effective connectivity learned by ACOMM-EC

Z5[A), DUGE GuUBURE ) — L8 AN A B 2 SRS 4t —Fh
R R SR B A5 R IR R A R i, DA o e A 4
RIH IITE, S AERERAC R, a0 B4R -
) S 45 R AR UE T i $1 S AR SR A A L R I
INEE§ i RSN (LWJIWE K RFS R N TERP R EENE 24 S
UL AT AR SRARPERE, JCHRAE R A L KL
R DS PRI 0 T ELAT SN e L 4. T A I S L
Pt ERISCIR AR B IAE T OB HIRRES KBl — L8R
FUI AR 2 BT B 2 DS, R — 2B AR
IRELR AR R FAR 2 I 2B R A28 Al &
Jrid, VLSS B TV Rk B R 0 4% [ 27 2] 5, Tl
IR PR SR DU 5 i PR 2 W die (4t B 22 R SR 3 ).

st
T T A SR SR [RAT B K.
References

1 Lehrer J. Neuroscience: making connections. Nature News,
2009, 457(7229): 524—527

2 Liang Xia, Wang Jin-Hui, He Yong. Human connectome:
Structural and functional brain networks. Chinese Science
Bulletin, 2010, 55(16): 1565—1583
(BHE, T4, Bk, NWIZEBAmETT: fix st w2 Fix D fem 4.
Blefimd, 2010, 55(16): 1565—1583)

3 Zuo Xi-Nian, Zhang Zhe, He Yong, et al. The human func-
tional conncetome: Its methodology, developmental trajec-

tory and behavioral association. Chinese Science Bulletin,
2012, 57(35): 3399—3413

(AEPE4E, Bk, Bk, 5. ANNITREIEAL: Jrikds . RIBERAT
oIk, BHEAER, 2012, 57(35): 3399—3413)

4 Warnick R, Guindani M, Erhardt E, et al. A Bayesian ap-
proach for estimating dynamic functional network connec-

tivity in fMRI data. Journal of the American Statistical As-
sociation, 2018, 113(521): 134—151

5 Pallarés V, Insabato A, Sanjuén A, et al. Extracting orthog-
onal subject-and condition-specific signatures from fMRI

data using whole-brain effective connectivity. Neuroimage,
2018, 178: 238—254

6 Smith S M, Miller K L, Salimi-Khorshidi G, et al. Network

modelling methods for FMRI. Neuroimage, 2011, 54(2):
875—891

7 Scherr M, Utz L, Tahmasian M, et al. Effective connectiv-
ity in the default mode network is distinctively disrupted
in Alzheimer’s disease — a simultaneous resting-state FDG-
PET/fMRI study. Human Brain Mapping, 2019.

8 Liu J, Ji J, Zhang A, Liang P. An ant colony optimiza-
tion algorithm for learning brain effective connectivity net-
work from fMRI data. In: Proceedings of the 2016 IEEE In-
ternational Conference on Bioinformatics and Biomedicine

(BIBM). Shenzhen, China: IEEE, 2016. 360—367

9 Seth A K. A MATLAB toolbox for Granger causal con-

nectivity analysis. Journal of Neuroscience Methods, 2010,
186(2): 262—273

10 Goebel R, Roebroeck A, Kim D S, et al. Investigating
directed cortical interactions in time-resolved fMRI data
using vector autoregressive modeling and Granger causal-

ity mapping. Magnetic Resonance Imaging, 2003, 21(10):
1251-1261



880

H Zl)

(4

£ 47%

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

Xu L, Fan T, Wu X, et al. A pooling-LINGAM algorithm
for effective connectivity analysis of fMRI data. Frontiers in
Computational Neuroscience, 2014, 8: 125

Shimizu S, Hoyer P O, Hyvarinen A, et al. A linear non-
Gaussian acyclic model for causal discovery. Journal of Ma-
chine Learning Research, 2006, 7(Oct): 2003—2030

Shimizu S, Kano Y. Use of non-normality in structural equa-
tion modeling: Application to direction of causation. Jour-
nal of Statistical Planning and Inference, 2008, 138(11):
3483—3491

Quiroga R Q, Kraskov A, Kreuz T, et al. Performance of
different synchronization measures in real data: A case
study on electroencephalographic signals. Physical Review
E, 2002, 65(4): 041903

Dauwels J, Vialatte F, Musha T, et al. A comparative study
of synchrony measures for the early diagnosis of Alzheimer’s
disease based on EEG. NeuroImage, 2010, 49(1): 668—693

Patel R S, Bowman F D B, Rilling J K. A Bayesian ap-
proach to determining connectivity of the human brain. Hu-
man Brain Mapping, 2006, 27(3): 267—276

Ide J S, Zhang S, Chiang-shan R L. Bayesian network mod-
els in brain functional connectivity analysis. International
Journal of Approximate Reasoning, 2014, 55(1): 23—35

Mumford J A, Ramsey J D. Bayesian networks for fMRI: a
primer. Neuroimage, 2014, 86: 573—582

Meek, C. Causal inference and causal explanation with back-
ground knowledge. In: Proceedings of the Eleventh confer-
ence on Uncertainty in artificial intelligence (UAI-95). Mor-
gan Kaufmann, San Mateo, CA, USA: Morgan Kaufmann
Publishers Inc, 1995. 403—410

Richardson T, Spirtes P. Automated discovery of linear feed-
back models.Carnegie Mellon: Department of Philosophy,
1996.

Ramsey J, Zhang J, Spirtes P L. Adjacency-faithfulness and
conservative causal inference. In: Proceedings of the 22nd
Convergence on Uncertainty in Artificial Intelligence (UAI),
2006. 401—-408

Zhang J. On the completeness of orientation rules for causal
discovery in the presence of latent confounders and selection
bias. Artificial Intelligence, 2008, 172(16): 1873—1896

Chickering D M. Optimal structure identification with
greedy search. Journal of Machine Learning Research, 2002,
3(Nov): 507—554

Ramsey J D, Hanson S J, Hanson C, et al. Six problems
for causal inference from fMRI. Neuroimage, 2010, 49(2):
1545—1558

Chiang S, Guindani M, Yeh H J, et al. Bayesian vector
autoregressive model for multi-subject effective connectiv-
ity inference using multi-modal neuroimaging data. Human
Brain Mapping, 2017, 38(3): 1311—1332

Dang S, Chaudhury S, Lall B, Tractography-
based score for learning effective connectivity from mul-
timodal imaging data using dynamic Bayesian networks.
IEEE Transactions on Biomedical Engineering, 2018, 65(5):
1057—1068

et al.

27

28

29

30

31

32

33

34

35

36

37

38

39

40

Martens D, De Backer M, Haesen R, et al. Classification
with ant colony optimization. IEEE Transactions on Evo-
lutionary Computation, 2007, 11(5): 651—665

Liao T, Socha K, de Oca M A M, et al. Ant colony opti-
mization for mixed-variable optimization problems. IEEE
Transactions on Evolutionary Computation, 2014, 18(4):
503—-518

Yang Q, Chen W N, Yu Z, et al. Adaptive multimodal con-
tinuous ant colony optimization. IEEE Transactions on Evo-
lutionary Computation, 2017, 21(2): 191—-205

Ji J, Zhang H, Hu R, Liu C. A Bayesian network learning
algorithm based on independence test and ant colony opti-
mization. Acta Automatica Sinica, 2009, 35(3): 281—288

Zhu D, Zhang T, Jiang X, et al. Fusing DTT and fMRI data:
A survey of methods and applications. Neurolmage, 2014,
102: 184—191

Van Den Heuvel M P, Mandl R C W, Kahn R S, et al. Func-
tionally linked resting-state networks reflect the underlying
structural connectivity architecture of the human brain. Hu-
man Brain Mapping, 2009, 30(10): 3127—3141

Stutzle T, Dorigo M. A short convergence proof for a class
of ant colony optimization algorithms. IEEE Transactions
on Evolutionary Computation, 2002, 6(4): 358—365

Ji J, Liu J, Liang P, et al. Learning effective connectivity
network structure from fMRI data based on artificial im-
mune algorithm. PloS One, 2016, 11(2): 0152600

Ji J, Hu R, Zhang H, et al. A hybrid method for learning
Bayesian networks based on ant colony optimization. Ap-
plied Soft Computing, 2011, 11(4): 3373—3384

McGeachie M J, Chang H H, Weiss S T. CGBayesNets: Con-
ditional Gaussian Bayesian network learning and inference
with mixed discrete and continuous data. PLoS Computa-
tional Biology, 2014, 10(6): €1003676

Xu N, Spreng R N, Doerschuk P C. Initial validation for
the estimation of resting-state fmri effective connectivity by
a generalization of the correlation approach. Frontiers in
Neuroscience, 2017, 11: 271

Huang S, Li J, Ye J, et al. A sparse structure learning al-
gorithm for Gaussian Bayesian network identification from
high-dimensional data. IEEE Transactions on Pattern Anal-
ysis and Machine Intelligence, 2013, 35(6): 1328—1342

Yu Nai-Gong, Yuan Yun-He, Li Ti, Jiang Xiao-Jun, Luo Zi-
Wei. A Cognitive map building algorithm by means of cogni-
tive mechanism of hippocampus. Acta Automatica Sinica,
2018, 44(1): 52—73

(FT93h, SERH, A8, e, B de Rl I s HLEE Y
Vi AENLES NN En B R el U7 s, FEnAk 254, 2018, 44(1): 52—73)
Zhang H'Y, Wang S J, Liu B, et al. Resting brain connec-

tivity: Changes during the progress of Alzheimer disease.
Radiology, 2010, 256(2): 598—606

BEHRE bR TIRFEHIZ. 2004 F3K
FRAE R TP R 2o LS B AR T 1

- L2547, 2005 4FEA1 2010 4535 T HRE R
o 3§ PR HLYIN LR EATE B o3 1 MV
-y 2. B BERITOT LS T, T

B, AR R, RS RSB A
#. E-mail: jjz01@bjut.edu.cn



4 44 SERIGAE: i 22 YRS T RN RN T 9 4% R 2 >) S 881

(JI Jun-Zhong Professor at Beijing University of Tech-
nology. He received his Ph.D. degree in computer sci-
ence and application technology from Beijing University
of Technology, China in 2004. He was a visiting scholar at
Norwegian University of Science and Technology, Norwe-
gian in 2005 and State University of New York at Buffalo,
USA in 2010, respectively. His research interest covers ma-
chine learning, computational intelligence, bioinformatics,
and brain science. Corresponding author of this paper.)

Pl S N EP s e R R
FUE. 2013 AFEIRAFAL A LA K AL
IS FHEAR BN A L2547, 2018 4FF1 2019
SR T AL R AL B 0K ol
, JE W R 2SS ) 2 . A ST
™ B2, M5 5, Ik
‘ [N ‘_'A‘ E-mail: jinduo@bjut.edu.cn
(LIU Jin-Duo Ph.D. candidate at
the Beijing University of Technology. He received his bach-

elor degree in computer science and application technology
from Beijing University of Technology, China in 2013. He
was a visiting scholar at State University of New York,
USA at Buffalo in 2018 and University of Virginia in 2019.
His research interest covers data mining, bioinformatics and
brain science.)

BER AR TR B LT
FUAE. 2017 AEFRAFALTT T K27 T2 A
2. FEWTT LA, T
BRE, iRk,

E-mail: zouaixiao@emails.bjut.edu.cn
(ZOU Ai-Xiao Ph.D. candidate at
the Beijing University of Technology.
She received her master degree from
North China University of Technology in 2017. Her re-
search interest covers machine learning, computational in-
telligence, and brain science.)

BEE e DR IIb. 2017 3k
PR B TNV RS2 T SEHLN I B 1
SR R ST W DS R N
BIRE, LW R, IR

E-mail: yangcc@bjut.edu.cn

(YANG Cui-Cui
jing University of Technology. She re-

Lecturer at Bei-

ceived her Ph.D. degree in computer
science and application technology from Beijing University
of Technology in 2017. Her research interest covers ma-
chine learning, computational intelligence, bioinformatics,
and brain science.)



