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Classification of the functional magnetic resonance image of
autism based on 4D convolutional neural network

GUO Lei', WANG Jun’, DING Weichang’, PAN Xiang',
DENG Zhaohong', SHI Jun’, WANG Shitong'

(1. School of Artificial Intelligence and Computer, Jiangnan University, Wuxi 214122, China; 2. School of Communication and In-
formation Engineering, Shanghai University, Shanghai 200444, China)

Abstract: Resting-state functional magnetic resonance images are a series of three-dimensional (3D) images that change
over time. The existing 3D convolution processes 3D image data or two-dimensional image and time-dimensional data,
but it cannot effectively fuse the time axis information of a resting-state functional magnetic resonance image. To re-
solve this, a new four-dimensional (4D) convolutional neural network (CNN) recognition model is proposed in this pa-
per. Specifically, by performing a 4D convolution using a 4D convolution kernel on the input functional magnetic reson-
ance imaging, features are spatially and temporally extracted from the functional magnetic resonance image of a patient
with autism, thereby capturing information about the changes in the image's time series. The developed model generates
multiple information channels from the input image, and the final feature representation combines information from all
channels. The experimental results show that to ensure the generalization performance of the model, the method fuses
the global information of the functional image and collects its trend information over time, consequently solving the
classification problem of 3D image changes with time using a CNN.

Keywords: deep learning; convolutional neural network; autism; 4D convolution; functional magnetic resonance ima-

ging; feature extraction; feature fusion; image classification
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R (LR X AL B2 3 0K A S A, AR S
DI REG R ] A8 fL a5 B, JF HAERE R B
M. BITEZ, BHUEIFHR—FE I s-MRI
) s () A1 2 R4 8, P B U AT

A T 4D BRI M 2%, 3 3T rs-fMRI
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Fig.1 4D-CNN procedure for the auxiliary diagnosis of autism
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A5 H T ABIDE(autism brain imaging
data exchange) £4i &, H @45k A 24~
O 1112 %5 ASD B M TD 1Y rs-fMRI 245
TEA S, % M ABIDE f NYU, UM _1 #l
USM X 3 A4~ g b0 345 rs-fMRI, Hirb 4 A4~
Kot e g ASD ZH A TD ZHARE AR 2 1 s .
{f /| DPARSF"™ X rs-fMRI $¥i AT BiAb B . H
M F, BB 3Z 3 B AT 10 D3R5 09 rs-fMRI
L5 R)E, PATHE ] Z KL E (slice timing) 1k
BRIz B IE (realign)o B A B KK RSF KA
TEMRFNAL B 22 S R, TCiE 45 Rk B gE — 1
HESEAT A0 A1, DRI 5 28 4 RN A9 K 5% 35 7E [
— 23 [a] N, A SCfd F EPI(echo-planar image) # #lg
P B g8 — 31 5 4 R 2R B 2222 WF 98 T (montreal
neurological institute, MNI) il %€ i) b5 HEZS [ H1, A
M 58 O 27 68 P #E 47 25 18] FR #E A6 (normalize) Ab
BN TR RO A R KR AR L, W
TN EME #1725 (8] -1 (smooth), 283 Fiab #f
J& , AR SCAF BN T R WO SR B ) RSE R
INF) 61 XT3%61 Y rs-fMRI £l . A 1 B0 E AR A Y
ALTE ST, A B AL BSR4 Sk I 2R A A
WA, EAE G o T B HAREE o A dn 3k 2
i

F1 3MBBEPOLHERDTT

Table 1 Sample distribution of the three imaging centers

Ve S ASD 1EH T AR et
NYU 79 105 184
UM 1 55 55 110
USM 43 58 101

F2 INBGEPOLINGEMNRBEREE
Table 2 Sample size for training and testing at the three
imaging centers

- Ml Mt -
AT S — — AL
ASD IEHWXTHE  ASD IEWXTHR
NYU 53 70 26 35 184
UM 1 37 37 18 18 110
USM 29 39 14 19 101
Bt 119 146 58 72 395

22 HiEEE

F T B B aR 4R 19 BSBAT AN [R] g e ]
JEE, TRl o2 1 9 R B £ A RS, i 4 PR )11
BEAS S AN 51 R B AR Y 5 405 1) A, A SR 1T 5

I P Hh 1 R o BT, B A gl
() rs-fMRI, 75 ORIE R[] 7 51 B R4, X i ] 13
R BRIEATRENLIE I . O T PR UERE B o
FI— v, BEHK 70 AN ] g L A R AR — AN
8177, WA BELAE G 5 41, IR AR bR
& il T A O R R U 2R Y rs-fMRT £
i BRI FEA AR PR, A3 B T —ASE R ZRER
23 AD HERMEM K S LKRE

TE =4k 5 U 2 W 46w, 258 T[] 51
R L) T ARRFAL A, = 2 4 AU =S 8] RS ]
PN AE BETHIRRRAE, TR 1A =i S 2
08 2 1] 2 o T B S 5 TR AT 2 BUOR S B RY
E X ARAL 38, 8 BRUZ HP 0 ik P i 42 21 AT —
JZH I Z A AR R, W3R AT 41L& 1 i
Zifi B o TEINREREILIR P Bt b, mbra] P8 b
S B = RS (W] S5, AN SO DU 2 U S
2 A FH AT B = 2 5 o S ) DU 2 R AT
T AR BEAE I 18] Py 81 L 5 B = 2 s () 45 A4 f
B0, M 78 2 18] R 8] P24 B2 b 3 B R AIE
VU AE BUS R AN AL 2 Frs o o, 3 R AE I 1]
AERE LR/ 3, FE R T (L g i, A1 [) 1 B3
OALE IS KA W A 4D N R ] T 22 Y
3D S 77 B, i A gl 28 K R AT — J= B )

F 3 _ERYRFAE
'

B2 4D BT
Fig.2 4D convolution process

K145 T HT rs-fMRI ) 4D-CNN 4544, ‘&
1A RAZ 3D ERZE LD REEEA LA
i B AR . B 8 softmax PR BIOKE fiy HH 45
WO R IR, UMb St 2k . B
BUZH 1A KR/ANHR PXOXRXT (=5 [ 4EJE 4 Px
OXR, WFRIZERE Sy 1) B DU 2 i 8 48 WA, 14
I ICR 1A AL BT B A5 PR AR 38 2o 7
A BEUR ECHT— 2 46 FRU2 0% o A% TG R
KB BURRE L, JF 1% B ReLU AE U6 s B 0L &
P 265 B AR L PR e S5, 7 0k 190 286 466 3 2 A BRI
i B, bR B YR BURRIE IFE T, &
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BHARTWF, T8 5 b A A HEACR AR R
8 IS TR R AT BT 22 5, g T AR A5 AH ) A9 B AR
B, AR SOHs G2 — e iU 0K R R M A I
B — ] L AFAE RN Xx v xz [ fMRI
YEM RIS A ] 4D-CNN ., Z M2 6 2454
M, B EMEFETINENSE. MAZRLE M
AN IE, BN E KRN X x Y xZ B PU4E MR £
o X EAJZ IR /N R 3x3x3%3 (75 [H] 4k J&E
h 3x3x3, W 4ERE S 3) M AT 4D B, &
FUSE MUE 15 3 My AR, B RRAE RNy
X\ XY\ xZio S2JZMEH M, K/ XoxYax2Z, 1Y
FFAE I 4B FER AR R, 1 C1 R &5 2x2x2x 1
)i KA1 8. HBRE C3 R/ R 5x5x
Sx3(Z A 4EE N 5x5x5, W [ 48 3) 1) 4D &
AL S2 2 AT & AR 3, BB X, x Yy x Zyx
M2(§§ [] gﬁgj‘j X, xY,xZ,, B [H] Zﬁﬁj‘] M),
S4JZRZM My DR/ X5 x Vs x Zy FRRFAE [T 4
MIRERAER, 1 C3 R4 axdaxax1 By Kbk
PR3] MG S4 R B I, SR 7x8x 7 x3(= [H]
HEHE Ny Tx8x7, WA 4EHE 2y 3) B &R XT S4 2
AT B, 53] T CS )2, BN XX Y, XZyx Ms
(YLD X x Yo x Zy, WAV AESE g M3). it 2
H1 45 73 AT 55 28 0l 5 e A ) )RR AE 4 AL, 1
IEAR S C5 JZH I Xy X Yy X Zy X My NRRAE 58 4 1%
He, ol Z R BB AL, DO AE ]
B b i 2 1 D) RE R AR PR B 45 o — > Xax Yax
Zyx M HERYRRAE ) i RH OB DAAE AL B T RE A A
PR T i, R RS B, & EESn
Hj‘l‘EﬂféE\o szl:ﬁﬁ‘q:', Z’-‘IE’TL?@E Xy XYy XZy X M,
E S S (TR Ol w6 Rt 5 8 373 i 571 2 SO N
SCB IR VRN T HATE AR R B B2 & 245 B
iH 1) 4D-CNN 2244, 45 R B 2880 P R A 1

3 L5 AT

TEAT T Hr, 76 ASD Bdla 5 30 ik AS SCH2 H 1Y
4D-CNN 57 | 5 3o X6 52 i 458 76 4 B 19 8 5 Btk
17348, RIREF AR M L5/ . o~ T 5 E 4D-
CNN 7£ ASD 4325 b iy fdisk, #—257E ASD 1y
ZA G L BT Z R0 i .

Sy TR R B AR B A SRR 1 A Ak
e BURS 1 % (ACC). AUC {8 . BB E (SEN) Fl4F

bk (SPE) 10 X3 (0 PERERE bR . 3 A1 (1)~
(3) FH TR0 1 1 R 1
TP+TN

ACC = 1
cC TP+FP+TN+FN M

TP

TP +FN
TN

TN+ FP

SEN = ©)

SPE =

€)

®3 REEEPHTE

Table 3 Elements in the confusion matrix

SMIESES
ASD TEH X R
FN(fi S i)
TN(E S f)

HIIL

ASD TP(FLIEH])
TE X IR FP(ERIEH])

3.1 BSHIE

TEA T, 38 3 4D-CNN R #1047 ASD £ W,
F AL B 5 (Y rs-fMRI AR R 28 0 i A B8 . A
SCRE ASD HFRICN 1, Kl B XS A ARic R 0,
ASD ZWi il — 3 2 m il A T 4R FE S ASD
Z WY 4D-CNN {9 S L2840, A SCEAT T 22 40 44
KPS, BIRR 5T 4D-CNN 2 1 AL =
B E

XoF T2 B 28 I 4%, B AT 3 A R ] R
FE G SR BT 5 bl B R Y, b T S B
TR 1 S A B, AR SO I 285 i A BSCHE 1 B )
BEAT T —Z 5L, & 4 51 H T 76 A [ B ) 3
FEN BRI A B . S FoK 4D-CNN A fe A
B, 3T LIRS A Rk T TS0, R 4D
G (A EEN S HAUEERE) A ERZZ
(i) 7 B A B 2 T, T A R R EE A fMIRI
WL sk 55 A PAE A DG A B ED L 5 TRLARAE, DL i
2 SR HURRIE R BE J7 o o, i T SR HUAT 4D-
CNN B AR ) B U, A SR 4D 45 R %
TERS [ 4E R E TR BE HEAT T 90k o AR AT — 2%
TIE P R AL, 358 BBOAS [] RUST 18 2 008 B A S A
f ) 5 b A BB B, T BN G AR A v B B
WK R 1, 32 5 50 T 46 A [R5 FRAZ B AR
T 4D-CNN B9l M RE

R4 AERERET 4D-CNN 18§ & R

Table 4 Evaluation results of the 4D-CNN models at dif-
ferent time depths

Ao (AT IR B2 ACC
35 0.5832
70 0.6201
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x5 TREAEMZMET 4D-CNN HB AT LR
Table 5 Evaluation results of the 4D-CNN models under
different convolution kernel scales

el ACC
1 0.5774
2 0.6369
3 0.6820

NGBy B, (I BEALES B T % (SGD) #E17
WK AL G S5, Lt Bk, 2 S Rk
BN 0.01, RT3k G e I 2R B rp i S S 18 B
B AR . EAh, e Rk AR B &R 150,
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Table 7 Comparison of the performances of different
methods for autism classification (NYU)

WIR7S ACC AUC SEN SPE
ROI-net 0.5738  0.6052  0.5385  0.6000

T3D 0.5902  0.6429  0.6154  0.5714
AlexNet  0.6557 07071  0.6923  0.6286
3D-CNN 06066  0.6571 05769  0.6286
2CC3D 0.6230  0.6258  0.6538  0.6000
4D-CNN  0.7049  0.7846  0.7307  0.6857
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Table 8 Comparison of the performances of different
methods for autism classification (UM _1)

i ACC AUC SEN SPE
ROI-net  0.5833  0.5826  0.7222  0.4444

T3D 0.6389  0.6204  0.5000  0.7778
AlexNet  0.6389  0.6358  0.5556  0.7222
3D-CNN 05556 05710  0.6111  0.5000
2CC3D 0.5833 05617 06111  0.5556
4D-CNN  0.6944  0.7160  0.6667  0.7222

R ARFEFEBAES LR ELE (USM)
Table 9 Comparison of the performances of different
methods for autism classification (USM)

i ACC AUC SEN SPE
ROI-net 05758  0.5935  0.5000  0.6316

T3D 05152 05376 04286  0.5789
AlexNet  0.5758  0.6053  0.6429  0.5263
3D-CNN 06061  0.6203  0.5714  0.6316
2CC3D 0.6364  0.6729  0.7857  0.5263
4D-CNN  0.6970  0.6692  0.7143  0.6842
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