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Graph Structure Learning Method for Multi-site Autism Diagnosis Based on
Multi-view Low-Rank Subspace

HUANG Jianhui, MA Di, ZHANG Li
(College of Information Science and Technology &. Artificial Intelligence, Nanjing Forestry University, Nanjing 210037, China)

Abstract: Autism spectrum disorder (ASD) stands as one of the most prevalent and genetically inherited
neurodevelopmental disorders, characterized by a multitude of clinical symptoms, notably featuring social
communication deficits. Effective identification of biomarkers holds paramount significance in facilitating
early interventions for ASD. Many current methods leverage multi-site imaging data to augment sample
size, thereby enhancing diagnostic accuracy. However, the heterogeneity of data across multiple sites,
resulting from variations in imaging devices, imaging parameters, and data processing workflows, is
frequently overlooked. To overcome the above problem, this paper proposes a graph structure learning
method for multi-site autism diagnosis based on multi-view low-rank subspace (MVLL-GSL). Firstly, the
multiple views of brain network are constructed for each sample, encompassing diverse topological
information. Subsequently, samples from different classes are projected into their respective low-rank

subspaces to mitigate the impact of data heterogeneity. Finally, the integration of graph structure learning
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with multi-task graph embedding learning, incorporating prior subnetworks and multi-view consistency
regularization constraints, aims to extract more discriminative and coherent features from multi-view low-
rank subspaces. The autism public ABIDE (Autism brain imaging data exchange) database is used to
verify the proposed method. Experimental results show that the MVLL-GSL method improves the
performance of ASD disgnosis and explains the association of different prior sub-networks with ASD
pathogenesis.

Key words: autism; multi-site; multi-view; graph structure learning; low-rank representation
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H H1IE 2 3% fe 15 ( Autism spectrum disorder, ASD) J&— Pl 5 5 UL ) Bl 48 & 75 W 1 53 0, HOE R 6 Bt
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1 T B 2 K 4R 1) s A A R R W48 25 5 2, B 32 E WL o BE A S AR BOR 1 D R R e R A ik
Iy fig 14 34 4% i 1% (Resting-state functional magnetic resonance imaging , rs-fMRI) BE A 28 /8 B HIIE &
ik o S AR ARAE Y R ASD B EEH AR F B Z —. WK, KE T rs-IMRIY [ HE 2
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P51 AR Bk 2% 7R (Low-rank representation for multi-center autism spectrum disorder identification,
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Fig.1 Framework of MVLL-GSL method
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Fig.2 Flow chart of multi-site low-rank representation learning module
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Fig.3 Flow chart of graph structure learning module based on multi-view constraints
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2 B R A TR B A0 A I R 5 X R S TR 4 A e A LR B A LR T 45 X R
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T AR X o) T X o) — BOPEIE AL B A 75 40 P 22 ]S AT REAR AL, e U AT 2 7m
LVC:—Z Jno(FF) (6)

s F 3R B 2540 2 ) 3R AT SR AR P 5 0 ﬁyﬁrﬁ@g&-K%%/T‘ff?t*Uqﬂéﬁ?ml’é‘l%A
e 2 MVLL-GSL B R 1) 52 2 451 2% oF ;&Fh 3T A AE B, A S o3 2 R I (38 AR ) Lo SR T
W%‘réﬁ@ﬁﬁ!'ﬁtLpﬁﬂ%ﬂ@#ﬁl‘f&“fl:ﬂﬁtllw T/\&mxﬁ
Lovert = Lee + A Lype + Ay Ly (7)
A Al)ﬁﬂA\,l.ﬁﬂﬁ/l\ftﬁllﬂtiﬁﬁ’aﬁiJ‘E%F%Eﬁéj‘ﬂﬂ%ﬁuﬁﬁ 0.1#10.001.

2 KB

2.1 ZWHEEmLE

AR SCAH A P RE 23 TF U FiE ABIDE X 7% SC T $2 7 2 i 4T 50 0E . ABIDE $04i6 RU 4 72k A 214
sl s CB Be sl WF 5% ) 3t 1 112 SRR 4045 539 A [ FA A i A 1 573 - ft e X JEZH BT A FE A B A A
ML rs-IMRTECHE o FR 350 20 3 AR RE AR A I, R B 5 B A B K F 50 i 3l s, 23 5 J2 NYU \UCLA |
USM .UM #1 Leuven. # 14 ABIDE ¥4 /& il 54~ s HEAS B G 1105 B, 20 Al site 38R 214> 3 45
M EGTHE B

# 1 ABIDEHEEEESIT
Table 1 Information statistics of the ABIDE data set

b ASD HC
ARy / % FERI( /) SR CICES!

UM 13.84+2.29 39/9 15.30+£3.53 44/15
USM 24.59+8.45 38/0 22.331+7.69 23/0
NYU 14.95+7.07 63/9 15.67+6.18 72/26
UCLA 13.33£2.55 34/2 13.17£1.76 33/6
Leuven 17.98+4.98 25/2 18.21+£4.97 29/5
All Site 17.01+£8.37 474/65 17.08+£7.72 474/99

i FH DPARSF (Data processing assistant for resting-state IMRI) 1. B4 X} rs-IMRI [ 15 %5 45 i 47 13
Ab 3R, FHAR P BRALEE - (1) & 7 AR AR PR & R 5 I R) Bt Uﬁﬂ‘?ﬂ#ﬁﬁﬂﬁmxﬁ'%l_[%,@
5T AR AE 5 (2) HEAT I [A]J2 M E , DLORTE B A 44 38 3R MR i ) 76 B8 b — 305 (3) £ ks h
M 5 (4) % FMS I #E 2= MNI(Montreal neurological institute ) b5 i 55 [d] , ﬁLﬁ?mmX‘%mmX?mmiﬁ
R 5 (5) A7 717 300 U Iplz LA v 2 R A0 52 S R v A A B 75 1 52 0 5 (6) 1A A% 55 (7) R 4 mm 2f & 4
Vi 1Y) v 30T 0 DB A X AR AT A3 ) SF- , DAS/IN S TR W A R T A 3 5 AR B0 TE T B AR v ) AAL AR
IR Lo e A2 W S 116 X 116 BB 2 H2 00 2%, G v 00 265 v A A1 5 3 705 X L 18 i X, 32
FUEE F2 R M DX 2 8] OG0 AR B ol A T AA A i X3 Bl B[R] 81 22 1) 9 B 2R b AH O 2R ER0RT AR A5 G i
X 2Z 8] A AL
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2.2 iEMriERR

AT EUE MV LL-GSL J7 i 09 sk, i A8 7 (Accuracy , ACC) U PE (Sensitive, SEN) Ff 5+
P (Specificity , SPE ) Fll 42 W 3 #52 /F ##1iE (Receiver operating characteristic, ROC) #fi £k T~ #9 i £ ( Area un-
der curve, AUC)4 T #5845 . ACC .SEN HI SPE 433l 52 X H

TP+ TN
ACC= X 1007 8
TP+ TN+ FP+ FN / ()
SEN=—————-X 100/ 9
TP+ FN 7 (9
SPE = ———— X 100! 10
TN+ FP % (10)

1. TP (True positive) . TN ( True negative) .FP (False positive) il FN(False negative) 43 %l 3% 7/~ H FH
P CECB M BB M R B A
2.3 XKIIEE

97 PFAE MVLL-GSL )7 ¥ B PR E , A SCe #% 7 TAC™ \LRGCN'™Y \MCLRR™ M Jy i He 97 3, He
HTAC 2 Bk [ 38 1 5 vk /E 0 3 MEXT B i, LRGCN fl MCLRR & & [ TEF X £ Hhn i) ASD 2
Tk o TAC J7 358 A 55 KOF- 35 TR 0 SOk 2% 2 R A 43 i, DA UL RS 587 (9 R5AF 125 8] LRGCN J7 3k Je fifi
FARRR 2 2 2 ok 2 2] Z2 43l A1) (0 23 31 360K 143 [, 155 1 RT3 B 46 0 265 306 477 AF 2 2 s MCLRR
J7 R AR B2 2 Oy ik, o L T R bR SRR BRI A dk A ) . MVLL-GSL ik ik R
I7) [ {1 o SF W AR ) R R, AR SCHE 8 @=10.2,0.6, 0.7} X 45 — A~ BE A 43 RG34 T [ 4 FI 205 49 114 0
B R T B g A A T 15—l SVM AR e &K 43 25 28 %) ASD HIHC #E47 4324 .

AR Al 5 R A AR 4y ST I B T 3R R . IR E 1 BUABIDE PR AR R K
19 543 U (NYU \UCLA \USM .UM . Leuven) , #& #5131 B9 FE AV S I3 B 1 90 4% ol 1)
AAE RN ; JLR U 206 Bk 54N AU REAR G I R — D BR 4 4l 2R 4 5 04 8 2 1 L i) ik
1128 XY AIE 5 S 56 15 8 3 5F X ABIDE 80408 FE R i A 1 1124 BEAR , [R) BfE 3 I 25 4 5 0 4 82 2 1 L 431 ik
1738 LHIE o
2.4 ABIDEHEEXKLER

AR I EAE T8 1 PSR MK 2R, WK 2 LA 1, MVLL-GSL # A 7E ACC \SPE Al
AUC 8 B Jy T ¥ 5 F H AR AL, 43 35 8] 17 76.04 % .81.02 % M1 76.80 % , He vp i o % 5 4 53 &y 1 22
TR T HAM B 2.5% . LIRSS FAEW] T MVLL-GSL )7 2 6 A 5042 &5 ASD 12 Wi fe .

R2 EFXWEEITARFENMEELL

Table 2 Performance comparison of various methods under Experimental setting 1 %
DIREN ACC SEN SPE AUC
TCA 68.92+4.66 66.6741.00 72.14+11.11 75.12+£6.90
LRGCN 73.53+£5.50 78.72+4.15 71.54+11.23 74.08+8.27
MCLRR 69.104+3.43 70.24+5.21 66.43+1.32 68.33+4.97
MVLL-GSL 76.04+4.13 72.58+9.95 81.02+2.87 76.80+4.03

LB E 2 F ,MVLL-GSL Tk X e s py R in & 3 irm . W& 31 LIL L, MVLL-GSL
JE7E ACC . SEN \SPE F1 AUC 48 b5 AR BUS T 0 4 A0 25 2R | [R] B 2% 5L A0 bR v 22 T /0N | 3k 28 B A L H:
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fb XS HE 7 %, MVLL-GSL J5 % Al LLARAS S AE A0 HASE IO PEBE o Bboh , AN R J7 35 18 S0 50 i B 2 10 45 T4
bR, AR LSS BEE 1 AR AT — s B LAY B T, LS AR T U B B 1 oh, B ol R B A D AR AR
SR AE R N RAR A [ J5 15 52 il i 22 19 080 S O P 5 i B O T A

R3 EXWEB2TARFENERITLL

Table 3 Performance comparison of various methods under Experimental setting 2 %
RES ACC SEN SPE AUC
TCA 71.82+3.66 68.93+2.16 75.14-9.00 77.42+4.58
LRGCN 75.21+3.05 79.63+3.79 70.37+7.81 80.18+8.27
MCLRR 71.51+4.43 73.12+3.32 70.71+4.67 76.57+3.69
MVLL-GSL 81.26+1.04 82.294+1.80 79.04+4.24 81.16+1.27

1E AL ABIDE T A FEARAE LI B E 3 N, AR AR LR E R WK 4B . AR Al DLk B
MVLL-GSL 77 75 4 WO 8 4 L3 3545 7 AR PR RE . A L S B B0 8 2, TR RE AR B 9 R LA A 1
DLT , ACC SPEFI AUC IX 3 345 b1 A5 I folc $2 = , 3o 2 WA A A 394 o ) [] 10, il 001 496 22 20 5 B0
(] R34 S Jo e e R O B I

F4 EXHREHEITARAEEREITEE

Table 4 Performance comparison of various methods under Experiment setting 3 %
WIRES ACC SEN SPE AUC
TCA 72.82+4.17 69.93+2.16 75.22+8.32 77.96+4.15
LRGCN 74.81+3.15 81.94+2.91 70.54+7.64 81.98+8.27
MCLRR 71.62+4.12 73.02+3.42 71.01+4.27 76.75+3.57
MVLL-GSL 81.56+1.04 81.17+1.95 79.43+4.45 82.11+1.31

2.5 HBLIE
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Table 5 Ablation experimental results %

ZME 2k S B E 20 RBERR Y ZMEZARNES % ACC SEN SPE AUC
N N 66.22  68.70  59.60  64.65

NG N 68.73  66.75  63.48  69.12

N NG 73.40 7221  68.60  73.91

N/ N N 76.04 72.58 81.02 76.80
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Fig.4 Connection graphs of different prior sub-networks

ST £ ORI B AS 4R ARICT 6 A5 3k R i 4k B
BN 5 BT 7R 5 A P AE 1% 2R R A 2 %5 U0 AH 5 1Y
e G 5 TR 2% A [0l (IPL.R) (HEFF & T 171 (ORBinf) | HEFR A o 1l (ORBmid. L) il & (INS.
L) L (STG) A1 (AMYG.L) P b 934 35 (ROL.R) A5 SCHE N X . 326 XI5 ASD ££ 76 i 3%
SR e H A ATE STt DA [ i B SRR T A A% R AR ASD P B X AP SRR TR S0
B B, Kim 250 9 BF S8 SE T A AR R 5 ASD SRR G L B8k IR — 2 I AE T AR SO HR A
R RE A7 AL H2 IS ASD AH G 1 5 BERFAE , I o 0 b 7 AH SC A I X BRI, S A 5 SR AN A3 N B i



FEHE FSABKKTEMGBELEMFT S 3EE AN ED B F & 993

ASD (R 2 A 2 SRR AR A T AR R IE

o oK T 2 W DR 2 T 0 94 97 SR W B 06 T AT A Vi
eSS A

2.8 ZUESHHZM y
hy ik — 2L WF 5% 22 W0 P A A e o R T

AR AR R B M 1 TR RN TR IR

WomE 54, EELRBREE 1 R T,

MVLL-GSL 77 ¥ 5 ACC {H F1 i 7] 2% & 41 8]

6(a) i, M6 A LLAE H, Y0 BB KT 345, FE A8 2038 IR B /0N | (R RS i) 20 36 b 2 o TR ik

AR SCAE 22 WL L 22 3 e 1) TR R e P i S S A RE AR S 3O TR AL BT 0 T 32 5% ) AR ) 85 25 1 i

HERERW, %8 —4H oK {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9}, 73 BT A 5] o {8 #4 £ Y

WL RS B S5 RN 6(b) T o RLUR BB o {0 3 R R B JR AR 2 MR N, > o L 0.6 B 0N

JE 8 o MVLL-GSL ARt 40 P a5 45 60 D) 2 i FR o — 00 11 10 el s S8 UK ) K T 3 486 A 7 1) 4L T

PRI 7 F 3SR I I A R e 4% 0.6.0.7 11 0.2 4 g 9 I A 7 e f

5 B2 ASD R AE Y 22 il D) fiE i 12
Fig.5 Crucial brain functional connections affecting ASD

symptoms

100 90 70
——ACC 69 -
o5t —o—Time 175 681
< 0 60 = 67]
< 85t lis2 5 66}
o sof = 8 oes|
< 45l 130 < 64
63T
70 - 115 62k
@l . . . . _ Lo es
1 2 3 4 5 0.1 02 03 04 0.5 06 0.7 0.8 0.9
ISk e o
(a) Comparison chart about performance and (b) Single view performance at different a

time efficiency of view quantity
Bl6 MVLL-GSLJrikh 2 WE S50

Fig.6 Parameter analysis of multiple views in MVLL-GSL method
3 S5RIE

S T B 22 0l a5 B0 B 2 A A S TR AR SCHR T AR T 2 RIS B T A (] A BT 4 R A 2] O
MVLL-GSL. %5 LA 45 2 00 & 2 5 5 1 R S AR B | 22 0 d ARk 38R 2 S L RIIE T Z L IE 29 i
F 25 kg2 2] e . 48 ABIDE 854l 22 b, A FL 34T 347 J7 ¥ . MVLL-GSL Jr ik A Uit = 17 ASD 112
W1k B8 , I B T R[] S 56 7 09 246 X ASD e s AL i Ay 52 i A o AR SORERUAAN 25 1 T BN SR AR S
TE AR TAE s 25 i 2 W25 22 3l a5 8088 i < 5 12 W, HE A vs-IMIRTAD DT TSR 1) 22 25 508 o

S E 3k

[1]  ANAGNOSTOU E, TAYLOR M J. Review of neuroimaging in autism spectrum disorders: What have we learned and where
we go from here[J]. Molecular Autism, 2011, 2: 1-9.

[2] NIELSEN J A, ZIELINSKI B A, FLETCHER P T, et al. Multisite functional connectivity MRI classification of autism:
ABIDE results[J]. Frontiers in Human Neuroscience, 2013, 7(1): 599.

[3]  WANG Mingliang, ZHANG Daoqiang, HUANG Jiashuang, et al. Identifying autism spectrum disorder with multi-site IMRI
via low-rank domain adaptation[J]. IEEE Transactions on Medical Imaging, 2019, 39(3): 644-655.

[4] CHEN C P, KEOWN C L. High diagnostic prediction accuracy for ASD using functional connectivity MRI data and random
forest machine learning[C]//Proceedings of 2014 International Meeting for Autism Research. Atlanta, USA: [s.n.], 2014.



994 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 4, 2024

(5]

[10]

[11]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

(24]

[25]

MAXIMO J O, KEOWN C L, NAIR A, et al. Approaches to local connectivity in autism using resting state functional
connectivity MRI[J]. Frontiers in Human Neuroscience, 2013, 7(41): 605.

YAO Zhijun, HU Bin, XIE Yuanwei, et al. Resting-state time-varying analysis reveals aberrant variations of functional
connectivity in autism[J]. Frontiers in Human Neuroscience, 2016, 10: 463.

ASSAF M, JAGANNATHAN K, CALHOUN V D, et al. Abnormal functional connectivity of default mode sub-networks in
autism spectrum disorder patients[J]. Neuroimage, 2010, 53(1): 247-256.

STARCK T, NIKKINEN J, RAHKO I, et al. Resting state fMRI reveals a default mode dissociation between retrosplenial
and medial prefrontal subnetworks in ASD despite motion scrubbing[J]. Frontiers in Human Neuroscience, 2013, 7: 802.
VERMA P R, BHANDARI A K. Role of deep learning in classification of brain MRI images for prediction of disorders: A
survey of emerging trends[J]. Archives of Computational Methods in Engineering, 2023, 30(8): 4931-4957.

XU Cao, CAO Jianguo. Commentary: Machine learning for autism spectrum disorder diagnosis-challenges and opportunities—a
commentary on Schulte-Riither et al.(2022)[J]. Journal of Child Psychology and Psychiatry, 2023. DOT: 10.1111/jcpp.13764.
GARG K, DAS N N, AGGRAWAL G. A review on autism spectrum disorder detection by machine learning using small video
[C]//Proceedings of the 3rd International Conference on Intelligent Communication and Computational Techniques (ICCT). [S.
1.J]: IEEE, 2023: 1-8.

MORIDIAN P, GHASSEMI N, JAFARI M, et al. Automatic autism spectrum disorder detection using artificial intelligence
methods with MRI neuroimaging: A review[J]. Frontiers in Molecular Neuroscience, 2022, 15: 999605.

YIN Wutao, LI Longhai, WU Fangxiang. A semi-supervised autoencoder for autism disease diagnosis[J]. Neurocomputing,
2022, 483: 140-147.

KASHEF R. ECNN: Enhanced convolutional neural network for efficient diagnosis of autism spectrum disorder[J]. Cognitive
Systems Research, 2022, 71: 41-49.

WANG Yufei, LIU Jin, XIANG Yizhen, et al. MAGE: Automatic diagnosis of autism spectrum disorders using multi-atlas
graph convolutional networks and ensemble learning[J]. Neurocomputing, 2022, 469: 346-353.

JHA R R, BHARDWAJ A, GARG D, et al. MHATC: Autism Spectrum Disorder identification utilizing multi-head attention
encoder along with temporal consolidation modules[C]//Proceedings of the 44th Annual International Conference of the IEEE
Engineering in Medicine &. Biology Society (EMBC). [S.1.]: IEEE, 2022: 337-341.

WEN Guangqgi, CAO Peng, BAO Huiwen, et al. MVS-GCN: A prior brain structure learning-guided multi-view graph
convolution network for autism spectrum disorder diagnosis[J]. Computers in Biology and Medicine, 2022, 142: 105239.
T RREE TS HE TR R 0 DA 22 7P ocs B PDRE 2 W] R R 5 A B, 2023, 38(4): 886-897.

LI Xizhi, ZHU Lingyao, WANG Mingliang. Discriminative domain adaptation via low-rank representation for multi-site autism
spectrum disorder identification[J]. Journal of Data Acquisiton and Processing, 2023, 38(4): 886-897.

CHU Ying, REN Haonan, QIAO Lishan, et al. Resting-state functional MRI adaptation with attention graph convolution
network for brain disorder identification[J]. Brain Sciences, 2022, 12(10): 1413.

WANG Mingliang, ZHANG Daogiang, HUANG Jiashuang, et al. Low-rank representation for multi-center autism spectrum
disorder identification[C]//Proceedings of Medical Image Computing and Computer Assisted Intervention—MICCAT 2018.
Granada, Spain: Springer International Publishing, 2018: 647-654.

ZHANG Li, WANG lJiarui, MA Yue. Graph convolutional networks via low-rank subspace for multi-site rs-fMRI ASD
diagnosis[C]//Proceedings of the 14th International Congress on Image and Signal Processing, BioMedical Engineering and
Informatics (CISP-BMED. [S.1.]: IEEE, 2021: 1-6.

WANG Nan, YAO Dongren, MA Lizhuang, et al. Multi-site clustering and nested feature extraction for identifying autism
spectrum disorder with resting-state fIMRI[J]. Medical Image Analysis, 2022, 75: 102279.

HOLIGA S, HIPP J F, CHATHAM C H, et al. Patients with autism spectrum disorders display reproducible functional
connectivity alterations[J]. Science Translational Medicine, 2019, 11(481): eaat9223.

ANDROULAKIS X M, KREBS K A, JENKINS C, et al. Central executive and default mode network intranet work
functional connectivity patterns in chronic migraine[J]. Journal of Neurological Disorders, 2018, 6(5): 1731-1741.

PAN S J, TSANG I W, KWOK J T, et al. Domain adaptation via transfer component analysis[J]. IEEE Transactions on



FEHE FSABKKTEMGBELEMFT S 3EE AN ED B F & 995

Neural Networks, 2010, 22(2): 199-210.

[26] XIA Mingrui, WANG Jinhui, HE Yong, et al. BrainNet viewer: A network visualization tool for human brain connectomics[J].
PLoS One, 2013, 8(7):¢68910.

[27] MANOLIU A, MENG C, BRANDL F, et al. Insular dysfunction within the salience network is associated with severity of
symptoms and aberrant inter-network connectivity in major depressive disorder[J]. Frontiers in Human Neuroscience, 2014,
7: 930.

(28] MANOLIU A, RIEDL V, ZHERDIN A, et al. Aberrant dependence of default mode/central executive network interactions
on anterior insular salience network activity in schizophrenia[J]. Schizophrenia Bulletin, 2014, 40(2): 428-437.

[29] NEBEL M B, ELOYAN A, NETTLES C A, et al. Intrinsic visual-motor synchrony correlates with social deficits in autism
[J]. Biological Psychiatry, 2016, 79(8): 633-641.

[30] KIM J, CALHOUN V D, SHIM E, et al. Deep neural network with weight sparsity control and pre-training extracts
hierarchical features and enhances classification performance: Evidence from whole-brain resting-state functional connectivity

patterns of schizophrenialJ]. Neurolmage, 2016, 124(1): 127-146.

fE&E ' 9T

SKFL(1985-), BIR1EE I,
Bl T, AL A R0 B
LRI s BN
& EYIE B Email:

lizhang@njfu.edu.cn,

D@ (1990-) , %, PRI, AF
FET5 1) s Mg o ) B R
S, E-mail: madiO76@njfu.

G IE(1999-), 5, i +
R T ) A AL
Bt B2 EM%  E-mail: jian-

huihuang@njfu.edu.cn. edu.cn,

(%% £#)



