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Abstract Brain networks classification is an important subject in brain science. In recent years, brain
networks classification based on convolutional neural networks has become a hot topic. However, it is
still difficult to accurately classify brain network data with high dimension and small sample size. Due
to the close relationship between different clinical phenotypes and brain networks of different
populations, it is highly possible to provide auxiliary information for the brain networks classification.
Therefore, we propose a new brain networks classification method based on an adaptive multi-task
convolutional neural network in this paper. Firstly, the clinical phenotype predictions are introduced
as different auxiliary tasks and the shared representation mechanism of multi-task convolutional neural
networks is used to provide general and useful information for brain networks classification. Then, in
order to reduce the experimental cost and the error caused by the manual operation, a new adaptive
method is proposed to substitute for manual adjustments of the weight of every task in the multi-task
learning. The experimental results on the autism brain imaging data exchange I (ABIDE 1) dataset
show that the multi-task convolutional neural networks which introduce clinical phenotype predictions
can achieve better classification results. Moreover, the adaptive multi-task learning method can

further improve the performance of brain networks classification.
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Fig. 1 Framework of brain networks classification based on multi-task CNN-EW (MTCNN-EW)
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Table 1 Details of Clinical Phenotype from the ABIDE I Dataset
®1 MABIDE I BFEERFEHNIERREFHER

Phenotype Phenotype Data Distribution
1D Phenotype Value ASD Group(527 Subjects) Control Group(569 Subjects)
1 age >0 17.1+£8.1 16.8+7.7
0:male 463 471
2 sex
1:female 64 98
1:left 40 31
3 handedness 0:ambidextrous 12 9
—1:right 475 529
4 FIQ >0 105.0£17.0 110.612.9
5 vIiQ >0 103.5+17.6 109.5+14.3
6 PIQ >0 104.7£16.8 106.1+14.2
1:closed 163 181
7 eye status 0:open 364 388
1:{ree 0 0
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£ i 10 K 5 Prae LR 45 .
3.3 MICNN-EW A i EIZEXN SR EREN I
TEZ AT 55 5 2 s B AT 55 B A 38 w7 AR 4 i
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Table 2 Hyper Parameter Settings
x2 BSHEE

Hyper Parameter Value

{1X1071,5X102,1X10" 2,

A Candidate Set B ) )
5X107%,1X1073,5X10"*}

Learning Rate 1X10 ¢
Batch Size 96

Maximum Iterations MNp.x 1X10"
Parameter Npaience 50
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Fig. 3 Train plot of the method of Ref [21]

Pl 3 SCHk[21 77 i 9 I 2k il £

MR .3 T AMTL ) AMTLCNN-EW )5 H
ZERANE 4 PR, T SR 0 R U A 2 AT S5 AL
AW S 2 B B 4 Ca) BT AT, Step =1 000 B,
AMTLCNN-EW JriE7E Il 4h 48 B R EA R 2T
Bt 76 50 T A RN 3 4 1 1 B0 2R M RB A8 DR R AR s |
F| Step=1800 B, fEYI 2R 4 L B RAE It #a T
FausE » LA 32 1 45 o U1l 25 . AMTLCNN-EW 5 % %
AP A PG B 4(h) AT, Step =>1000 J5
B TAT 55 WAL M 488 7 28 Mk N 4% 20 24T 55
1 3 T BIAT 55 A AN B fe YL SL E 0.3,0.1,0.15 F
0.05.7] WL, AMTL J5 %5 W] LA H 3 I HL Y i 1SR f# 25
A FAT 55 AU

552 A B R B X A A AT S A (AT
Ay Hr. il 3k %F b AMTCNN-EW 5 2 fi s 2 A Ti%
TR S RE M MTCNN-EW J5 ¥, Al 36 51F F1 43 By
AMTL J5 2 2 15 50 1 74 55 AL 2 A5 4 2.

HEFH AMTCNN-EW J5 1 [ 38 0 Hi o 2 1
A FAT 5 AUE L ik 28 53 AT 55 AL o) AT



T RAT T A 3 DL 2 AT 55 45 AU 42 I 285 14 il 0 &4 70 2 07 vk

1457

-------- Train Dataset
- Valid Dataset
Test Dataset

Loss

.-.r%%
0.2 1 1 1
0 500 1 000 1 500 2 000
Step
(a) Loss

Weight of Sub-tasks

0 500 1000 1500 2000
Step

(b) Weight of sub-tasks
Fig. 4 Train plot of the AMTL
Bl 4 AMTL J5 ik il Zhth 2

WCSUE S 0,296, 7 Tl KRR BV I 5 AL E o &
a; B9 SR 43 ) 9 :0.093,0.114,0.140,0.085,
0.093,0.090,0.089.38 #F 73 X JLIUAL & 7] LA th
FIF AR K 2 20 R 2 8 BB A8 A AH XA AL A5
B TR B4 2 BHar, ok A RS EF 2
WFIE R W 55 % ASD & 95 56 W] b R X 0 i s A — 2
WEFE & B, ASD 35 N BE H A AR X TR & F T
R ) T 30 A B A AT ASD B I A 0
RFEIAE 1B F 3¢ Ui W7 I A7 76 BE %, AMTCNN-EW
T3 R R R I s TR R R AR
45 5 5 X — IR AR G 55 A 25 1 I IR 2 78 4l
B A 55 19 (A 25 R K 106 WA [R) 9 i R 3 780
AT 55 #RRE 08 A fidi 0 28 43 AT S5 B4 T — 2 15 B,

Xf e MTCNN-EW J7 3 Al AMTCNN-EW Jf
2B A5 AT LU 9 2% 53 R4 55 R 24T 5522 )
() B AT 55, AMTCNN-EW J5 ¥ i i H AL & H
a,=0.296,Z 45 5 MTCNN-EW J5 ¥ A T
B AERE o, =0.3 FEAR—EL,

PLE 5 R U] AMTL J5 3 AT L F i A ELE
Mo PEA A 55 AR X E B AR L R AMTL J5 3%
AT sl A N R A 55 A 1 Y SE IR AR
35 2RZEZENMEMEI LW

TN PR3 B B A 55 2208 1 A 3 58 A
i P 2% 3 JE AT 55 I G, FRATT N SCHRR 16 ]9 CNN-
EW 773 sk oy 2B PE RE AR HE AU E2Nnet-EW #5214
PE R B LAY, J3 3 A UE B %8 (Accuracy) . R B
(Sensitivity) FlH 57 # (Specificity) =4~ b3 %) HEix
2 EHIAT i R 2 B G B AT 55 14 i 0 4% 53 2607 1%
HAE RN 3 P .

Table 3 Performance of 2 Types of Multi-Task
CNN-EW and CNN-EW

R3 2EZAEFERMENES CNN-EW FEHITMNIEIR

Methods A Accuracy/ % Sensitivity/ % Specificity/ %
CNN-EW 1X107° 66.8840.42 63.09+0.58 70.40+0.52

MTCNN-EW 1X107% 67.30£0.56 62.96+£1.30 71.31+1.20

AMTCNN-EW 1X107% 67.61+0.39 63.27£0.68 71.63+0.48
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