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Aided diagnosis of major depressive disorder based on canonical correlation analysis and

bimodal data fusion

JI Yarong, WANG Yu, FU Changyang, XIAO Hongbing, XING Suxia
School of Artificial Intelligence, Beijing Technology and Business University, Beijing 100048, China

Abstract: In order to fully extract the magnetic resonance imaging (MRI) information of patients with major depressive
disorder for improving the diagnostic accuracy of the disease, taking functional MRI data and structural MRI data as the
research objects, a bimodal data fusion algorithm is proposed for the classification of major depressive disorder. After
extracting the functional MRI data features by 4 kinds of functional brain networks with different scales, and obtaining the
structural MRI data features by three-dimensional densely connected convolutional neural network processed by transfer
learning, canonical correlation analysis method is used to fuse the two kinds of features, and finally support vector machine is
utilized to classify the fusion features, thereby identifying the subjects as healthy or depressed. The experimental results show
that the proposed method can obtain a classification accuracy of 89.56% and a recall rate of 95.48%. Compared with
classification methods based on unimodal data, the classification algorithm based on bimodal data fusion has better
classification performance. In addition, canonical correlation analysis is effective to fuse bimodal image features.
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Fig.1 Flowchart of major depressive disorder classification algorithm based on canonical

correlation analysis and bimodal data fusion
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Fig.2 Multi—scale functional brain network
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depressive disorder classification (%)

SR W QR
fMRIBRAR A E A 88.67  94.67
SMRI HUA S H 8437  87.26

HAECEL A MRI AT sMRIWBLAEE  86.34  92.62
CCA il tMRI Al SMRI WA A HL G 89.56  95.48

FE 1AL Y, fi ] CCA 52 B XURE 25 K30
A0 i, O A % B Bl IMRT 09 o 2
0.89% , Lb B M sSMRT Z504I 73 28 /57 1 5.19% , Ul I RUAR
BB A o J B AR AT PR TH A IE o R A
—EAATE . BRI IS TR 1 RS il 43 2507
P EA SEELRE S, AR S5 3 T AR A Y
B, o AR B T B sMRLEHE 017 432
B 5L H e Boph fe ) EMIRT 08 43 25 25 5415 2.33%,
T T B A TR 2 19X 46 2 BRI KA 5 ) R I ) 45 174
FRIESEAT ] SR 904 AN BER B UM AR . 5340, 78
MBS H s il o3 2 ik, 36 F CCA ik 53
T HBCRL A A9 7 A L, LR R T 3.22%, 44 1]
FRAETF 2.86% , i A Al FH CCA Bl & ¢ AiF X AR AE Y
Gy KA R, T H AR SCRT R B Y o R R
89.56%, 7 101 %83k 95.48% , 5 4% 52 B H At 440 B AH 1L
R i, Z2 WA FH CCA S 31 RURSE 25 030 F 45 14 7
2 AEAARAE 1 4 2 b oA — e ik

34 it

R TR S AASAE 1Y 43 2R B L 7843 A1 MRI %k
P 2S5 B AR SCHR T CCA ik 5 XU S
B LA IR IE 43 2 3 B R EFMRT 5 sMRI



- 1320 -

i B B R

384

WOl B FRAIE , B CCA T7 5 Bl MBI RRAE , 068 1]
SVM Jr R85 M Bl S R EEA T 338 0 SIS BT $2 5305
AR R AT YNGR 5 0, B — RIS L SL 5, 45
SR AT Bk A 20 S ER 53K 89.56% , 41 1]
1K 95.48% , KL T I FARE S HAE 7 428, Ul
A T U 25 Kl Rl O IRRAE 0 2607 1k B —
A RO TRl 296 45 2R B, 5 00 AR IR R 5 64 7
VEALE , 6] CCA Rl 5 SUBE S i R R 1 05 725, ATk
B g UG B, A R T B RCR B H
W H

[ % 3iK]

[1] World Health Organization. World Health Organization depression fact
sheet[EB/OL]. [2019-12-4/2020-11-19]. https://www. who. int/zh/
news-room/fact-sheets/detail/depression.

[2] Z&E% RPE, BRE F A TYRAFHEEIARERLR T 7
AR EA R[] P EEFHALF L E, 2020, 28(7): 538-542.
WANG LY, ZHAO S J, SHAN B C, et al. Classification study of
major depressive disorder and subthreshold depression based on
radiomics [ J]. Chinese Journal of Medical Imaging, 2020, 28(7):
538-542.

(3] RAL. T I Ak 3G £ R X0 ) 28 B A M4 5 o7 09 5
EAG[D]. vbRig: b RIEFE LK, 2020.

ZHAO J L. Research on generative adversarial network based on
brain function connection and its classification in mental illness
[D]. Harbin: Harbin University of Science and Technology, 2020.

(4] A&, 258, B35, . KT % RO it M 4 Bk S 4F AR 30 AR
SERILE] YREFHEFRE, 2020,37(4): 439-444.

FU CY, WANG Y, XIAO H B, et al. Classification of depression using
fusion features based on multi-scale functional brain network [J].
Chinese Journal of Medical Physics, 2020, 37(4): 439-444.

[5] FR%. bk m I [T]. #32, 1997(11): 64-65.

MENG Q A. Functional magnetic resonance imaging [J . Physical,
1997(11): 64-65.

(6] AH#, o, ¥ bk, & A TRAES I 5 a3k AR a9 AR
JEERBIS [T, %5 Ak R A SR, 2021, 16(3): 544-551.

FU C Y, WANG Y, XIAO H B, et al. Assisted diagnosis of major
depression disorder using deep learning and structural magnetic
resonance imaging[J . CAAI Transations on Intelligent System, 2021,

16(3): 544-551.

[7] GIEDD J N. Structural magnetic resonance imaging of the adolescent
brain[ J]. Annal New York Acad Sci, 2004, 1021(1): 77-85.

[8] ADANKON M M, CHERIET M. Support vector machine[J]. Comput
Sci, 2002, 1(4): 1-28.

[9] WANG X, REN 'Y, HANG Z W. Depression disorder classification of
fMRI data using sparse low-rank functional brain network and graph-
based features[J]. Comput Math Met Med, 2017, 4(2): 1-11.

[10] ROSA M J, PORTUGAL L, SHAWE-TAYLOR J, et al. Sparse
network-based models for patient classification using fMRI [J].
Neuroimage, 2015, 105(3): 493-506.

[11] HADLEY J A, KRAGULJAC NV, WHITE D M, et al. Change in
brain network topology as a function of treatment response in
schizophrenia: a longitudinal resting-state fMRI study using graph
theory[ J]. NPJ Schizophr, 2016, 2: 16014.

[12] KHAZAEE A, EBRAHIMZADEH A, BABAJANI-FEREMI A.

Application of advanced machine learning methods on resting-state

fMRI network for identification of mild cognitive impairment and

Alzheimer's disease[ J ]. Brain Imaging Behav, 2016, 10(3): 799-817.

DIESTEL R. Graph theory[J]. Math Gazet, 2000, 173(502): 67-128.

Wik, IRk, FAL L ERAPARIE B A I A R ke o R AT R[],

AR A B, 2013, 30(8): 2304-2307.

WEN H, GUO H, LI1Y, et al. Classification of brain functional

networks in patients with major depression[J]. Application Research

of Computers, 2013, 30(8): 2304-2307.

[15] GUO H, CHENG C, CAO X, et al. Resting-state functional
connectivity abnormalities in first-onset unmedicated depression
[J]. Neural Regen Res, 2014, 9(2): 153-163.

[16] 2 &R, 4], Ha. AT MRIZh A sk dE ey Ipafm 5 5 %
BRI 3 b AR, 2017, 34(3): 678-682.

HUANGPU H R, YANG J, YANG Y. Classification of depression
patients based on fMRI dynamic functional connectivity [J].
Application Research of Computers, 2017, 34(3): 678-682.

[17] YANG J, YANG ] Y, ZHANG D, et al. Feature fusion: parallel strategy
vs. serial strategy[ J]. Pattern Recognition, 2003, 36(6): 1369-1381.

[18] HARDOON D R, SZEDMAK S, SHAWE-TAYLOR J. Canonical
correlation analysis: an overview with application to learning methods
[J]. Neural Comput, 2004, 16(12): 2639-2664.

[19] DO L N. American psychiatric association diagnostic and statistical
manual of mental disorders (DSM-IV)[ M ]. US: Springer, 2011: 20-24.

[20] FRISTON K J. Statistical parametric mapping[ J]. Hum Brain Funct
11, 1994, 4(6): 350-355.

[21] ASHBURNER J, BARNES J, CHEN J. SPM12 manual [ EB/OL].
[2019-6-24/2019-8-29 ]. https://www.fil.ion.ucl.ac.uk/spm/software/
spm12.

—_ =
W
[

(%3 5w &)



