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Learning effective connectivity network structure based on firefly algorithm
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Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract: Learning brain effective connectivity ( EC) networks is an important topic within the community of
human brain connectome. It is of great significance for the early diagnosis and pathological study of brain diseases
to accurately identify the brain EC network structure. This paper combines the Firefly Algorithm ( FA) with
Bayesian network, and proposes a new method to learn brain EC networks by FA with a reproductive mechanism.
The new method uses K2 score as the evaluation method of absolute brightness of fireflies, uses the optimization of
firefly population to complete the learning of brain EC networks, and uses reproductive mechanism to further
optimize the population. First, a firefly individual represented a brain EC network with a few edges, which was
gradually constructed through the directional movements and random movements of the firefly individual. Then, a
reproductive mechanism was employed to optimize the quality of networks after a certain number of evolution
iterations. Finally, the network structure represented by the individuals with the highest absolute brightness in the
population was used as the learning brain EC network. Experimental results on many simulated datasets verified the
effectiveness of the reproductive mechanism, and the new algorithm has obvious advantages on the whole
performance compared with other algorithms. Experimental results on real datasets also show the potential
practicability of the new algorithm.
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Fig. 1 Example of initialization of the firefly individual i
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Tab.1 Specific parameters of the simulated dataset

I Session du- TR/ Noise/% HRF. std. Other
ration/ min ev./s factors

1 5 2.5 3.00 1.0 0.5

2 5 5 3.00 1.0 0.5

3 5 10 3.00 1.0 0.5

4 5 60 3.00 1.0 0.5

5 10 10 3.00 1.0 0.5

6 15 10 3.00 1.0 0.5

7 50 10 3.00 1.0 0.5

8 5 10 3.00 1.0 0.5 2-group test

9 5 10 3.00 1.0 0.5 shared inputs
100 5 250 3.00 1.0 0.5 shared inputs
11 5 10 3.00 1.0 0.5  backwards connections
12 5 10 3.00 1.0 0.5 more connections
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Tab.2 Information of the subjects

Disease

LD wHiREE/ A B & AR OPEER
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PR X 3] (region of interest, ROI) 4R J5 MR 4% & A SCHk
PEFREIA A 5 AD B AR Y 16 4~ RO, H 3222
SIATTEARI T S BARERERY ROT L3R 3.

x3 EERENBXIE
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Fig.5 Comparison of F; by two algorithms on Siml ~9
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F  FAE¥IBUS 75 1AL s, 101 7E 1% 42298 i
ARG FAR-EC 55055 BERS HE 19 01 i 45 A K
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Tab.4 Results of eight algorithms on Siml ~ 12

Sim F & GES LINGAM GC GS Patel ATAEC ACOEC FAR-EC
F, 1 1 0.83 1 1 1 1 1
: Fy 0.8 0.6 0.33 0,6 0.8 0.96 0.96 1
F, 1 0.91 1 1 1 1 1 1
2 Fy 1 0.73 0.6 0.8 0.98 0.98 0.98 0.98
F. 1 0.91 1 1 1 1 1 1
3 Fy 0.4 0.91 1 0.6 0.8 1 1 1
F, 1 1 1 1 1 1 1 1
4 F, 0.8 1 0.6 1 1 1 1 1
F, 1 0.96 1 1 1 1 1 1
> Fy 0.64 0.87 0.64 0.82 0.82 0.91 0.89 0.89
F, 1 0.95 0.97 1 1 1 1 1
6 F, 0.5 0.84 0.65 0.89 0.84 0.84 0.86 0.81
F, 1 0.98 0.95 1 1 1 1 1
! F, 0.59 0.68 0.58 0.79 0.77 0.75 0.8 0.77
F, 1 1 0.89 1 1 1 1 1
8(a)
Fy 0.6 1 0.89 0.6 0.6 0.88 0.92 0.96
F. 1 1 1 1 1 1 1 1
8(b)
Fy 1 1 0.8 0.6 0.8 0.92 0.88 1
F, 0.91 1 0.91 0.83 0.83 1 1 1
’ Fy 0.55 0.8 0.36 0.5 0.67 0.76 0.80 0.83
F, 0.77 1 0.91 0.77 0.83 1 1 1
10 Fy 0.46 0.8 0.55 0.62 0.83 0.84 0.82 0.88
F. 0.8 0.6 0.67 0.75 0.75 1 1 1
a Fy 0.8 0.4 0.22 0.25 0.5 0.64 0.64 0.64
F. 1 0.93 0.93 0.93 0.93 1 1 1
12 Fy 0.43 0.67 0.4 0.67 0.93 0.60 0.60 0.72

P2 - SimO | 10 K — Lb ] 75 11 i 22 I 75 )
HMEREI ATNAZ W 25, A Ao I A 0k 3 i %
AL TT 18 BRI RE F1 T . (HAE LIS L T, FAR-EC
SEVEPERE AL T H AT 12, Ul W B A B A T IR
AR
&5 FAR-EC EXILHEERMBEELEXT F, EH

Friedman #3545 R

Tab.5  Friedman test results of F; by FAR-EC and contrast

algorithmon the Smith dataset

GES LINGAM GC GS  Patel AIAEC ACOEC
Pf{f 0.0348 0.048 0.001 0.035 0.020 0.157 0.257

BEME yes yes yes yes yes no no

1) 3% 5z - Siml 1 FEALE — SR IE A E AN 7
], ML 8 AL R MERES A BT R B, {H FAR-EC &
X HE R RN T 1) TR 8 SR AL TR A
MR ELAT BT (A .

P22 %42 . Siml2 7F Sim3 [3ERE EZMA TH
A3 B, 1 A5 0 45 31 3k — AN 3 T % R A 7E
Siml12 |- FAR-EC 53 608 i U0 1% 82, X T 05

] (IR I HE 1K T Patel.

T 23000 T3 U e D1 BT, AR S
145 THE 5% B3 7KF T FAR-EC 5k 5 %7 A
KT Fy (HRY Friedman K50 45 5%, HAAR L% 5. H
W yes RINAEAE B ETE 2 S, no FIRAAEAE B FME
2e5¢. 3R 5 1%, FAR-EC B30 T J7 19 i U e 77
TR AIAEC , ACOEC Ay H 4y 5 Fhagivk. L)
AT UL X O T AL FAR-EC R HA R
PERE , & —FI R EAT T2 4 1 k.

3.6 EXHEELNEREN

fii 1] FAR-EC BA A B8R 2% > B 1Y i
RN A2 DL 6, 6] 6 (a) Sy T B BR800 3% 4%
W%, &1 6(b) Ry AD 85 ki sS04 I 44

ARG T WA R0 % D 4 1) 1 e VB
9580 AD HOEHEHCR 38, IEHW NERECH 44, 18
SR AD SBE AR BB/ N T IR N XA R %
IG5 B A SCER 13 .20 ] 15 20 i 25 AR L, AT
FEAE AD (R EAE Y A hnil. E—2 CABARI LA &
ICICYIRE S5 2 AD AR Z — i 5 X (5] 6
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Fig. 6 EC network constructed by FAR-EC on real dataset
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