TH 1] E FRER B2 Wi AR AR S & LT %
WK, FIR, DR, R, iR

G AL

WK%, T8, 20K, . W EERBNZE R ARG EE N A T]. FRARSRFMm, 2025, 20(1): 81-
90.

DUN Jiale, WANG Jun, PENG Hanchen, et al. Blended domain adaptation for computer—aided diagnosis of
autism through knowledge distillation[J]. CAAI Transactions on Intelligent Systems, 2025, 20(1): 81-90.

TELEIAEE View online: hitps:/dx.doi.org/10.11992/tis.202403030

LT BRI HA S
4D TN P25 1) ) PAE D RERE IR 11 15 2

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

BHER G 2AR. 2021, 16(6): 1021-1029  hitps://dx.doi.org/10.11992/tis.202009022
FETFI3e 22 T 5105 BURRHIT R 0 W B el 10 30

Unsupervised domain adaptation algorithm based on classification discrepancy and information entropy

BRER G 2021, 16(6): 999-1006  hitps://dx.doi.org/10.11992/is.202010020
TERS 2 )RR HRE R rs—EMR T 0 B A S B A 432

Transfer learning—based feature extraction method for the classification of rs—fMRI early mild cognitive impairment

BIBE RG24 2021, 16(4): 662-672  https://dx.doi.org/10.11992/tis.202007041
[ 22 X 28 HE A ERF 5 E

Research advances in graph neural network recommendation

BHERG AR, 2020, 15(1): 14-24  https://dx.doi.org/10.11992/tis.201908034
T ) [ P A B2 1 0 M B SR AR i 2% 20 B ik

A novel unsupervised fuzzy feature learning method for computer—aided diagnosis of autism

BIRERGE . 2019, 14(5): 882-888  https:/dx.doi.org/10.11992/tis.201808005
P D) e~ SR =~ 2 B AR ) o e T

Dictionary pair learning with graph regularization for mild cognitive impairment prediction

BB R Gi244]. 2019, 14(2): 369-377  https://dx.doi.org/10.11992/tis.201709033


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202403030
https://dx.doi.org/10.11992/tis.202009022
https://dx.doi.org/10.11992/tis.202010020
https://dx.doi.org/10.11992/tis.202007041
https://dx.doi.org/10.11992/tis.201908034
https://dx.doi.org/10.11992/tis.201808005
https://dx.doi.org/10.11992/tis.201709033

5500 B 1 B OoRE R & % it Vol.20 No.1
202541 H CAAI Transactions on Intelligent Systems Jan. 2025

DOI: 10.11992/1i5.202403030

T (5] B FAE 55 Bh 12 B B9 &R 2 08 R S sUE R 77 7R

(k>

N

F %, HBRIR, BRI, A
XF #5428 1425, LiE 200444 )

e

-

gt
Hk
e
T

1 OE Al N A EE PR A Bh A2 WA R I 38 2 T E AR IR A T Ok A 2 AR P ORI RE
AR AL CRNR A B AR, XA BARErh & 7 2400040 o AL 58U A 8 N )y vk HRE AL B H ARl 4 2 5 —
ARG L, T Jovk B FR A BRI L. Sh ik, ARSCER T — A 36 T AR 2818 IR & B AR Sk A 3 K
FERL ELAR MY, B K25 1 W 2% ( graph convolutional network, GCN) /E Jy Z A Rl £ )28 A0 HL ( multilayer per-
ceptron, MLP)fER 52 A A S XHE G H R BB 7010 00 Z A0, B2 00 77—l B4 4 X 5o iR 28 oL, i ik
XL IR T 5 IO AR 3 24 ) 6 A /D U R A 3 2 [ 1) 3 A1 2 575 55 G RT AR, ol R IR 28 08 , o B i A 7
FE AT 38 97 (0 ) I 0 S ARG 3 45 24 /R SR . E ABIDE BB 4E FITE 7 58 ik i Ak, A SO sk — 7 A AL
MR T M4 /R 2B, J) —J7 I, 7EIR A H bR 73 S MER 3235 51 69.17%, 5 FHo A U [ 385 1 77 2 A s R
BT

SBR[ PAAE RS AR WA s U A Y TR A E AR HIR IR IS R4S 5 O 246 5 2228 2% 5 Xt hiE )
FESHES:TP391  XEREE:A  XEHS: 1673-4785(2025)01-0081-10

RS AR KR, E8, IR, & B EAESBISHNMIRRBESBERSE J. SERAKER, 2025, 2001):
81-90.

32 5| F#&3X: DUN Jiale, WANG Jun, PENG Hanchen, et al. Blended domain adaptation for computer-aided diagnosis of autism
through knowledge distillation[J]. CAAI transactions on intelligent systems, 2025, 20(1): 81-90.

Blended domain adaptation for computer-aided diagnosis of autism
through knowledge distillation

DUN Jiale, WANG Jun, PENG Hanchen, LI Juncheng, SHI Jun

(School of Communication and Information Engineering, Shanghai University, Shanghai 200444, China)

Abstract: In the modeling of computer-aided diagnosis for autism spectrum disorder (ASD) across multiple centers with
domain adaptation methods, unlabeled samples from multiple imaging centers are blended together in the target domain.
Traditional domain adaptation methods lack the capability to address the clinical scenario of identifying ASD in blen-
ded-target domains. To this end, we propose a knowledge distillation blended-target domain adaptation model. Specific-
ally, the graph convolutional network (GCN) is used as the teacher model and the multilayer perceptron (MLP) is used
as the student model. To address distribution differences between source and target domains, a novel adversarial know-
ledge distillation mechanism is proposed to reduce the distribution difference by adversarially training feature extractors
and domain discriminators. At the same time, knowledge distillation is used to enable the teacher model to transfer
knowledge to the student model while achieving domain adaptation. The ABIDE dataset is employed to validate the ef-
fectiveness of the model. Our method not only reduces the complexity of the network but also achieves a classification

accuracy of 69.17% in the blended target domains, surpassing other domain adaptation methods.
Keywords: autism spectrum disorder; domain adaptation; blended target domain; knowledge distillation; graph convolu-

tional network; teacher network; student network; adversarial learning
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Fig.1 Framework for knowledge distillation blended-target domain adaptation network
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Fig. 2 Knowledge distillation from teacher network to student network
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Table 3 Comparison of results in ablation experiments on different loss functions %
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Table 4 Comparison of the proposed method with other methods
. " FARIER/ % \
wE Al TFEESH/%  p-value
PITT UCLA 1 USM YALE
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LENER7S . .
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A HARs ” 4
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MT-MTDAP?  69.91+2.07  67.2242.38  59.68+2.30  72.32+2.82 67.28+1.30 7x1073
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