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Machine-Learning-Based Brain Network Analysis: Method and Application
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(1. College of Computer Science and Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing, 210016, China;

2. School of Mathematics and Computer Science, Anhui Normal University, Wuhu, 241003, China)

Abstract: Brain network aims to study the interaction of brain functional regions as a whole system,
which plays a very important role for the understanding of brain function and structure, as well as the di-
agnosis of some brain diseases. As an important tool to analyze brain networks, machine learning has be-
come a new focus of research since, and it can obtain the rules via automatically analyzing data and apply
these rules to predict the unknown data. This paper reviews the concepts, methods and applications of
brain network analysis, and mainly discusses some related works based on machine learning techniques
from the following three aspects, i. e. , construction of bran network, feature learning and classification
and prediction. Finally, The conclution is drawed, and some new directions for future research is forecas-
ted.
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Fig. 1 Typical framework of brain network analysis (classification)
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Fig. 2 Workflow for brain network construction
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Table 1 Typical methods of brain network analysis and classification accuracy

Tk i 95 9 G/ s /TR O Vet GrRNGEE/ N
Chen's?" AD/MCI fMRI 20415/20 Fisher 31| 51 4 #7
Shen’s™7 K A 43 BLAE fMRI 32/20 C-means % 92.3
Zhou's! MCI MRI 10/17 SVM(ZE M%) 84. 35
Zeng' s AR fMRI 24/29 SVM (&) 94.3
Wee' s MCI fMRI+DTI 10/17 SVM(RBF #) 96. 3
Wee's!?) A M e MRI 58/59 %1% SVM(RBF #) 96. 27

Jie st MCI {MRI 99/50 %2 ¥ Multi-kernel SVM (& #%) 82.6




RER FATHUEFINRERE ST XA LA 73

TESCHRES2 Jrp PRIAZ it P T 00 79 0 1 2 [ 9 D 45 R B AR DL o FE LR 2 > B 1 2 [T %
O 2B g ok RIS TARGF RN o BFFEN B TR T B i 22 R AR 20 M 25 . I Mokhtari 4%
N BB X 43 AR AL T R R AR SRS o Jie % A" H% Weisfeiler-Lehman 6 4% i ] 2
MCT 73 2¢O T ARG AR o FL 7 06 30 7 ik S 5 P A% 9 AR b L AR A 2% M IR 465 19 0 A9
SN T A P 2% v g A T RS LA M — L RID E—0F RA —  2 O0 BRI n R T K
15 80 2 B AT 1 LA S B AR Jey 20 o f D) 246 1 3K 6 K5 o BRI, Jie 4 N0 R — Rl T i i 199 2% 1 397 Y
VA% » T D00k — o i 0 2% R AR RS T ARG 19 20 S P .

2 &% 53 A R A

Jii 199 265 2 A 41 A3t 1 — AT 9 TR AR AR B 5 M 2 A AN I E 2 () A SR S [R] IR 4R — L8 9 AE 1Y
A AR S LA B B 92 W A 2 26 H R BF ST 2 0 ik 0 4 0 — S ik B 20 A R AD/
MCT?#50 R 3 R L JLTE B TR IABAE ™ 45, L3¢ 1. 3R 1 o nl LUFR Hh 4% b 19 2% (40 45 )
REVE BRSSP PR L R 2% . A SCEANTRI L5 B 2800 HTIK B 19 23 26 b L OF HLEUCR: TR BF i 70 KPR

7 H R R G L AD RLRCE R B B MCT i FHEZE MR 7 Z Mo, %2 8
457 BUKY Be AR T I REPE N M 25 1 MCT 732877 3k AR RE . M ER 2 R LR HH 3 28 05 3k R AR AT AR 5 4
B 3 RO BE A AUC (B (B S2 & BV 45 AE il 26T 10 89 T80 AR » 3R W] 07 3 26 077 30k BB 06 N2 T 7 5 0 1) 23 26
X Sy A AR AR AT T AR R 5 e R R B X A T S50 ) Bl ) L A S B rp X e R R R Y L Bl
R 9 N TIUIN SAy T 5 RS TE RN B0 S NI i R A48 O R R — RE Y . AR I AR AR R
T30 TEIX BT AR R T — L B A AR W) S R B 0 e B — SE AT RE 5 0 A G B — S i X (A 4
g A AT AZ U A ) LA R — S H 0 L T G DX — B P E 22 i)z A O T RE S AD/MCIT
FEF AR SN e UK AT B T B 4R 2 5 0 AR O 1 A AR AR O B S L b B AR G R
4 B

F2 DMBRETIHEEMERMM AR MCL 5 E T E RS E MR

Table 2 Brain-network-based methods for MCI classification and classification performance
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