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Classification of depression using fusion features based on multi-scale functional brain network
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Abstract: A novel method for the classification of depression is proposed based on a multi-scale functional brain network and
fusion features. After 4 different scales of brain networks are established by refining the brain region, the local and global
features are extracted from each scale of brain network, and the features of multi-scale brain networks are effectively fused
and the dimensionality is reduced. Finally, support vector machine is used to classify the functional magnetic resonance
images of the brain. The experimental results show that it is effective to improve the recognition effect by the fusion of
separately extracted local and global features. More effective features can be obtained by reducing the spatial scale, which
can remarkably improve the classification results. Multi-scale feature fusion can also greatly promote the accuracy and recall
rate of classification. Compared with the traditional method with single large-scale brain networks, the proposed method
achieves better performances. The classification accuracy by the proposed method reaches 88.67%, which fully verifies the

effectiveness and feasibility of the proposed method, and also provides a biological basis for the clinical diagnosis and

treatment of depression.
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(ICD-10) /0 3 [ CFS M B B2 W 5 e 1 T ) 46 4
JiR (DSM-IV) ) A 33 A 5 2 ik T4 1= A 1) 32 0]
Wr , i A2 7 2R F8 A8, T B3R T e (IR 7 I
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Ry T Bl BE AR HEAT HARAE B i R A2 W, A 2
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1.1 #HikE

A58 AL 174 B4, Hed 99 43 H 5 AR
i B CIVERAE £ 21 #1175 BIAEAEIS R0 228
R D JC 1 e B X B ({e B X R ) o FRRE AR AE
S TR DA B AR B B R 2 B IR 2 S BE A SR 1 i B
Xof B2 S R AR) 5 4R 3L . AT T AT AE AR
FHBIEE] T DSM-IV X IVARAE (2 Wik e, BT A 1IE 5
NABHE L T DSM-IV AR ARl 25 14 4k i R D7 ik T
W, I HT, A g E A E TN R, M
PP E IR IRGE 22 o A 45 R a3k 1 s .

1.2 fMRIZHER &

I fMRI BHG#S HH— 558 AR R
AP F 28 A AR E R IR ) A6 6 5 IiE 2= A i
ZRbE R ) [E R S = T, H S50
T 5P S Al (TR)=2 000 ms, [713# 1] (TE)=30 ms,

BHG A1 B2 (FA)=90° , i [ K/v=64x64 , G HLEF (FOV)
=220 mmx220 mm, 3£ 240 A L JZE N 3.5 mm, )
FECh 46 T A #3038 76 IMRTF e R AR AR 4 4
B AN IR OSBRSS, WA RGN R Bl

F1 HWRAGIFSER

Tab.1 Statistical analysis of the clinical information of subjects

I PR B4 IMRAE R E 2 fERREXTARA PMA
PR (S /%) 43/56 33/42 0.941
A% 34.57+12.18 35.65+12.63  0.570
ZHE /AT 13.75+3.01 12.93£2.40  0.610
ARV /% 18~65 19~60

SRR /A 7.88+7.87

AR A 93 R 2.63+1.26

HAMD 21.4443.97

HAMA 16.00+9.61

HAMD : U IR AR 1 3% s HAMA « U8 /R i £ B ¢
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Fig.1 Brain templates defined at 4 scales
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Fig.2 Construction of brain networks with different sparsities
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T, o RUE i 19X 45 1) 5 50 A 5 e 2 i s 1 L
IRBIE AN 2 R . NF 2 PR B T LA M R4

HI 5 R A8 A AR R AR, B0 R 4 10 45 1, 45
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Tab.2 Number of feature dimensions before and after

dimensionality reduction

T A WELAERT O RFEAERL  WEAE I ORI 4 5
116 350 64
264 794 84
625 1877 90
1024 3074 112

32 SREBMMERN ST ELER

XoF T 21 A e R %) G ) 4% R I (g R AR
SRR, R R IE 4 R RRIE ) R SYM it 47432,
AT ISLE TR T B0 UE R I S 15 A0 R 4 1 A s
ARG Jey BB AR AE A4 ey R i 1Y) HR Il R 1E A
PCA #1745 F 16 5 A% 4k | 5% )5 R FH SVM 4743
25, SVM 2k H RBF #% pRER, FudT 38 B IE , 43 2
M B2 ANER 3 R

x3 TRIRERMMLE T 85 FE R I EE

Tab.3 Classification results at different scales of brain networks

HERR /% AR/ %
A SR+ A R R SRR+ JR A
JRERERAE A JRRE JERERE SRR

A2k i Rt i KAk i W4k
116 65.67 55.33 67.00 72.67 68.67 62.33 70.00 77.33
264 68.67 59.33 70.67 7533 77.33 68.67 79.33 84.00
625 75.33 62.67 76.33 84.67 84.00 72.33 84.67 90.67
1024 79.33 67.00 79.67 85.33 83.67 77.33 86.67 92.00

M 3 R B T LA FE 2 ROBE I N 45
I 5 o D99 245 1 4T s BRI N, A3 RO T R
Th, 3 3% B 41 Ak i DX 43 #1005 3O i FEAE oA K R
RUCRFIE , REAE X 43 2528 A1 2ok 20 BB I, 45 80 40
KERIIZALBE T s TR A Jo A 4 SR R R ), 43 283K
RAAT — T, 3 Uk A R 3 0 4 Jey R A 41 7 il
B G R BN E ] s Zad B e Ab 3 s AT
PUHRBUR AR R 7 T0AR G B R B RRAE ) 2 25
P 0 B, AR T B 2R 4 SR A B T ol A
EANRET , B 100 SR 79.67% = Tt

F| 85.33%; Bifi 45 2 ) RUEE A0/, I 28 45 i 40 i 3
T, A B8R 1 50 A 10, 3K 3 B 40 Ak i 3 DX A
M B g P& A 0T 22 2 A5 8, AN, [RIRE S R4 F= 1Y
AR, 23 (B ROBE SR /INI S 3 RUBE R 940 2R 0E
TR SRS 225 T RUBE D 75.33% 42 T3] 84.67%
33 SREMMNEMSIHTERSEER

h T RGT 22 RUBE i X 45 %) Rl RRAE X 43 28300
(RSN, A IS TE il 4 T RUBE Ao 2 (R R 1E J5 4
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A ERIETT 4 RO R iR E SR 48 5], B8 RBF the BDI-II? A validation study[J]. J Affect Disorders, 2015, 173(2):

¥ PR Y SVM 43 228 3047 T 4T 38 SUBGAIE , 1531 432
YER RN A 0] BRI IR 45 R ansE 4 FroR .

R4 BEZREFERTER S LRI
Tab.4 Comparison of classification results before

and after multi-scale feature fusion

HETR/% A 12/%
FFHERR A
Fedeni  FR4EE FR4ERT MR
64 72,67 7533 7733 8133
84 7533 7733 84.00  86.67
90 84.67 8533 90.67  92.00
112 8533  88.67 92.00  94.67
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