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Multi-feature Fusion Classification Method Based on High-order Minimum Spanning Tree Brain Network
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(College of Computer Science and Technology, Taiyuan University of Technology,Jinzhong, Shanxi 030600, China)

GUO Hao

Abstract Existing researches on classification of brain diseases is based on the traditional low-order functional connec-
tivity network. Low-order functional connectivity network may overlook the complex and dynamic interaction patterns
among brain regions.which are essentially time-varying. The high-order functional connectivity network can reflect the
abundant dynamic time information contained in the network. However, the traditional high-order functional connectivi-
ty network adopts the clustering method to reduce the dimensionality of the data, making the construced network can
not be effectively interpreted from the perspective of neurology. Even more importantly, due to the large scale of the
high-order functional connectivity network,it is very time-comsuming to use some complex network or graph theory to
calculate some topological properties. Therefore, this paper proposed a method for constructing a high-order minimum
spanning tree network,calculated the traditional quantifiable network properties (degree and eccentricity) ,and used fre-
quent subgraph mining technology to capture the discriminative subnetworks as features. Then, this paper applied a
multi-kernel learning technique into the corresponding selected features to obtain the final classification results. The ex-
perimental results show that the classification accuracy is up to 97. 54 %.
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Table 1  Statistics of subjects’ basic information
U WA A P (&
17~51 17~49 a
i (26.64+9.4) (28.449.68) 0. 44
A CF /%D 13/15 15/23 0.57"
FFCE /2D 28/0 38/0
5~42
HAMD N/A o
(22.8413.3)
2.2.2 BEERBERERFALE

R % SR B AR F 1L R R R 2 A — R B d L TR Y
A TAE AR G LR AR A I S R B AR SE . TR A AR
oh, R E PER L RORA AN JE 2 R S I G A0 20 DR R 0 T
HSH R EMT .

33 axial slices, repetition time(TR) = 2000 ms, echo time
(TE) =30ms,thickness/skip=4/0mm, field of view(FOV) =
192 X 192 mm, matrix = 64X 64 mm. flipangle = 90°, 248 vo-
lumes, M FREACATEE . ZFEHT 10 4> E] Y )5 571

X B4R (8 ] SPMS8(Statistical Parametric Mapping) ™" i
AL, A0 WX A IMRT B2 K Ik 25 W) 4R 48 B 3h 1k i
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Table 2 22 functional connectivities and statistical significance
. P
No. i
o T fk % % EoE
1 22 R E MR %A 0.6648 0.0303
2 M o kA E 2 EE ¥ B E 0.0379 0.0379
3 7 U BE O k= MR FE 0.0396 0.0026
4 5 P E EMW G A E 0.4262 0.0362
5 & H o E 2 An B 0.0135 0.1226
6 & &M & E 0.7431 0. 0029
7 P (U 3 HMBABHFE 0.0264 0.6648
, 22U AT e A Ao
| il ] 47
8 AW e $ B E 0.0470 0. 0264
e 72 Ul B 4v H An )
9 # M E i 5 E 0.0036 0.9172
A T 40 A Ao
]
10 o R M & E 0.0167 0.0276
11 z;ﬁg;g;u% # M TR E 0.0253 0.1029
12 ZM &L FE HWBA B A E0.4377 0.0252
13 EMAE L 2 A E 0.0095 0.5470
14 WA= A i 3 0.1638 0.0095
15 7 A e £ N # A E 0.0053 0.7683
16 ERNCECE At il 1 0.1693 0.0173
17 £ M EE R B 2B B A E 0.0122 0.0241
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Table 3 Classification results of different methods

5% il B E/ % HORE/% R/ % AUC/ %
Tl % oh ik B W % Qiao,20160%% B\ do 1 89.01 86. 67 91. 30 —
JR K o e B W 4 M-1.,2012834) 4 5 63.00 10. 00 83. 00 —
W EERS Chen, 2016 B\ fo [ 7R 88. 14 86. 21 90. 00 92.99
T E Du, 201601 R S 94.91 93.22 96. 94 96. 90
FEAMERBFAE A A 73.32 80. 36 67.58 75.67
B R DN AR M T R % 4 & 6 R X AR AE A8 3 94. 04 98. 26 92.50 97. 84
A SCHTAR U7 % A0 97.54 98. 26 92. 50 99. 06

£

03 —— AR
02 b —— TH

— BRTEAEEAHE
o1 — Al

0 01 02 03 04 05 06 07 08 09 10
|

R
& 3 AR5k ROC 4 &
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Table 4 Time consumption comparison of different methods

RS HAE BAZAT B /h W % # % /h FEAE 4R A 2642 /h 2% /s

i 48 K o k% W 4 RERHK 5.5 0.5 5.0 31.1
B AR X o g B N 4 RERHK .5 0.5 5.0 31.6
Lk ST ¥ 4 8.0 1.0 7.0 31.8
FE MR 10.5 1.5 9.0 30.3

LR N 1 507 & G X 4R AE 11.0 1.5 9.5 24.3

o i 4 5 B s . o .

FE AL KA AL B




298 it APl R 2018 4F
R AUEGTEN X 3l 7 5 B D BE i 1 4 TR A in Abnormality Detection for Mild Cognitive Impairment[ ] ].

TR T AR 23 0 5% B 1] B 3 B — S 4 1 435 Ao B ) 9 AR 2
A T R, DA R A% B 19 53 A7 il DXRR AR B9 07 35 A 78 B B R JR A
75 T 2 P 2 1) — BB T 1Y IR0 465 0 0 45 4 15 B AT RE 2 2R 1Y 1)
R R N T R I ) R O T 4% B AT IR /N A R Y A O
REAR TSR AE . U, B 4% T B/ A OB A 4% 58 T 4 £k B )
LR L A5 HI A T TR B0 PR L SR T 20 A% S 4 1) L
HEATOr 26 . WRFT AN SRR WL, A SCHT A4 2 1 o B #8c /D> 22 R 20
RE T2 122 P00 255 T LA S i R i DX 358 2 1) ) R 32 4 1) 8l A5 A2 A B
I 72 R A 2 1 ) I RE T e v SO T 22 I X 2 M) A O e 4
TAE S A AR AR I SC R . 53 4h SR e/ A W 19 15 ¢
g5k Al DX AT T 19 i 4 0 T A s 7 R A )
A 4 R U A A5 30 AR A T I 2 S IR X B — B
B TR A H AR BE Y L A SCRT R J R RS T R 43
FMERE R AR = T MARE 2 W A i R . ROk FRATIR B IR
JBE M AR o 3 46 D) 8 T 22 18] 19 52 0 LA R 4% A SO DX I3 IA] 1 56
F o AT 3k — 25 2 155 43 25 1R B8 LA B T il it R 55 O R

2 % X #f

[1] POWERJ D,COHEN A L,NELSON S M,et al. Functional net-
work organization of the human brain[J]. Neuron,2011,72(4) ;
665-678.

[2] ALEXANDER-BLOCH A F,GOGTAY N,MEUNIER D,et al.
Disrupted modularity and local connectivity of brain functional
networks in childhood-onset schizophrenial J]. Frontiers in Sys-
tems Neuroscience,2010,4:147.

[3] YANG G F.ZHANG Q.ZHANG Y T.,et al. An fMRI Study of
Aberrant Brain Network in Schizophrenia Patients[ ] ]. Chinese
Journal of Clinical Psychology, 2009,17 (5):581-583. (in Chi-
nese)

TR SF TR, 5k =5, A5 R i 2 2LAE B S0 I 46 B9 TMIRT
WEFELT . i PR O Bl A4 3K, 2009, 17(5) :581-583.

[4] HE Y.CHEN Z,EVANS A. Structural insights into aberrant
topological patterns of large-scale cortical networks in Alzhei-
mer’s disease. [ J ]. Journal of Neuroscience, 2008,4 (4):4756-
4766.

[5] VAND E,DOUW L,BAAYEN ] C,et al. Long-term effects of
temporal lobe epilepsy on local neural networks:a graph theo-
retical analysis of corticography recordings[ J]. Plos One,2009,4
(11):e8081.

[6] INOKUCHI A,WASHIO T,MOTODA H. An Apriori-Based
Algorithm for Mining Frequent Substructures from Graph Data
[C]// Principles of Data Mining and Knowledge Discovery, Eu-
ropean Conference(Pkdd 2000). Lyon, France, DBLP, 2000 13-
23.

[7] DAMARAJUE,ALLEN E A,BELGER A,et al. Dynamic func-
tional connectivity analysis reveals transient states of dyscon-
nectivity in schizophrenial J]. Neuroimage Clinical,2014,5:298-
308.

[8] ZHANG H.CHEN X.SHI F,et al. Topographical Information-

Based High-Order Functional Connectivity and Its Application

L9l

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

Journal of Alzheimers Disease Jad,2016,54(3):1095-1112.
CHEN X,ZHANG H.GAO Y.et al. High-order resting-state
functional connectivity network for MCI classification[J]. Hu-
man Brain Mapping,2016,37(9) :3282-3296.
JACKSONT S,READ N. Theory of minimum spanning trees. L.
Mean-field theory and strongly disordered spin-glass model[ ] .
Physical Review E Statistical Nonlinear & Soft Matter Physics.
2009,81(1):021130.
BAO J,LU L,JI Z H. Tourism transportation optimization and
tour route designing of north anhui province based on the
kruskal algorithm of graph-theory[J]. Human Geography,2010
(3):144-148. (in Chinese)
BB, Bk, . BT RN A UM Kruskal 55325 09 g I b X
R WE A AR AL S 2 R R[] ASCHBEE . 2010(3) 1 144-148.
WU Z, BRAUNSTEIN L A, HAVLIN S, et al. Transport in
weighted networks: partition into superhighways and roads.
[J]. Physical Review Letters,2006,96(14) ;148702
DEMURU M, FARA F,FRASCHINI M. Brain network analy-
sis of EEG functional connectivity during imagery hand move-
ments[ J]. Journal of Integrative Neuroscience, 2013, 12 (4) .
441-447.
VOURKAS M,KARAKONSTANTAKI E,SIMOS P G,et al.
Simple and difficult mathematics in children: a minimum span-
ning tree EEG network analysis[ J]. Neuroscience Letters,2014,
576:28-33.
LEE U,KIM S,JUNG K Y. Classification of epilepsy types
through global network analysis of scalp electroencephalograms
[J]. Physical Review E Statistical Nonlinear &. Soft Matter
Physics,2006,73(4 Pt 1):041920.
TIJMSB M,WINK A M,DE H W, et al. Alzheimer’s disease:
connecting findings from graph theoretical studies of brain net-
works[ J]. Neurobiology of Aging,2013,34(8):2023-2036.
BORCHARDTV,LORD A R,LI M,et al. Preprocessing strate-
gy influences graph-based exploration of altered functional net-
works in major depression[ J]. Human Brain Mapping,2016.37
(4):1422-1442.
FEI F,WANG L P,JIE B,et al. Discriminative subgraph mining
with application in MCI classification [ J ]. Journal of Nanjing
University(Natural Sciences), 2015, 51 (2): 328-334. (in Chi-
nese)
B, BN MS HebR L SFL K B0 T IR S 4 U5 vk RO AE MCT 42
TR LT . RS2 R CE ARBE2) ,2015,51(2) :328-334.
DU J,WANG L,JIE B,et al. Network-based classification of
ADHD patients using discriminative subnetwork selection and
graph kernel PCA[J]. Computerized Medical Imaging & Gra-
phics the Official Journal of the Computerized Medical Imaging
Society,2016,52:82-88.
WANG L,FEI F,JIE B,et al. Combining Multiple Network
Features for Mild Cognitive Impairment Classification[ C] //
IEEE International Conference on Data Mining Workshop.
IEEE.2014:996-1003.

(F#% 314 7





