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Figure 1 ADHD classification model based on binary

hypothesis end-to-end deep learning
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Figure 2 Feature extraction network structure of Deep-AENet
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Table 1 Fully connected layer parameters of Deep-AENet
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Table 2 Sample information of ADHD-200

N W/ Ltk BYE ADHD M fEHEX IR O
S % ANEC AN BN AN Bt
NYU 7~18 76 140 118 98 216
KKI  8~13 37 46 22 61 83
PU  8~17 52 142 78 116 194
NI 11~22 17 31 25 23 48

R 3 Deep-AENet IHEBSHIZE
Table 3 Experimental hyperparameters of Deep-AENet

B Epoch 2 2] R
NYU 240 0. 001
KKI 160 0.001
PU 160 0.001

NI 100 0. 001

7E ADHD-200 %4/ i 1) NYU KKI,PU Fl NI,
PU 780l P S e A SCHY J5 s, (RS IEE FE v, BT Y
TR PR T B — 22 SCHRAIE )5 12374l ADHD 432
HERPE I35 TP A /NS AL+ 3, T
TH R A SR DR 28 A0 19 265 2 530007 SR ) 52 ), 72 54T 20 1R
HE TR G M G AR P EI 45 2R Deep-AENet
RS ZE RN 4 iR b AUC S ith £ T mIR
% 4 Deep-AENet B4y £ RIM
Table 4 Classification performance of Deep-AENet

THERE R/ % FEMH/%e HUEM/%  AUC
NYU 99.3 99.2 99.3 0.993
KKI 97.8 98.7 95.5 0.971

PU 98.0 98. 4 97.5 0.979
NI 97.3 97.9 96. 8 0. 969
¥1E 98. 1 98.6 97.3 0.978

i3 4 AT %, Deep-AENet 1£ £ 5045 8 I B A5
P 25 S ADHD 43 R YE R R B TE 97.3% L) I,
FENYU F 58 e 1 Hte Hofth 3 A4S 7 88l e ks
T I I KR R O AR VR B 2 2] v BB Y 4y 2 3k
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Table 5 Performance comparison between Deep-AENet and other models

; . HER 3/ % -

G Bk N K U N Eaye AR E 4L
DeepFMRI™ 73.1 — — 67.9 70.5 32
—_—— CDAE"’ 73.2 81.7 70. 6 73.3 74.7 150
DVAE[ 73.2 81.7 67.0 78.0 75.0 80
STAAE!" 93.5 90. 4 92.7 91.7 92. 1 100
AENet™’ 99. 8 99. 8 99. 6 99.3 99. 6 50
A Au-AENet!? 99.9 98.9 99.9 - 99. 6 50
Deep-AENet 99.3 97.8 98.0 97.3 98. 1 24
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Table 6 Detected biomarkers and their correlations

with symptom scores on sub-database

£ NYU PU KKI

Frif Corr P Corr P Corr P
ACG.L  0.152 0.051 0.286 0.001 0.201 0.106
AMYG.R -0.005 0.953 0.198 0.023 0.057 0.648
OLF.L  0.020 0.801 0.266 0.002 0.218 0.078
AMYG.L 0.076 0.330 0.256 0.003 0.075 0.549
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Figure 6 Correlation analysis between biomarkers and symptom scores on PU sub-database
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Auxiliary Diagnosis of ADHD Based on Binary Hypothesis End-to-end Deep Learning
HUAN Zhan', ZHANG Yulong®, CHEN Ying', WANG Lele'

(1. School of Microelectronics and Control Engineering, Changzhou University, Changzhou 213164, China; 2. School of Computer Sci-

ence and Artificial Intelligence, Changzhou University, Changzhou 213164, China)

Abstract; In the auxiliary diagnosis studies of attention deficit hyperactivity disorder (ADHD) , many ADHD clas-
sification methods suffer from the problem of model integration or lack of biological explanation. To address this, an
ADHD classification model based on the binary hypothesis end-to-end deep learning was proposed. Within the bina-
ry hypothesis, amplitude of low-frequency fluctuation related to the limbic system was selected as input features. An
attention module was incorporated to enable the network to focus on features with high classification contribution.
The model adopted an end-to-end architecture, rather than the traditional deep learning and machine learning com-
bined structure, and accomplished the task of detecting biomarkers, thus providing biological explanations. In
leave-one-out cross-validation experiments on the ADHD-200 database, the average accuracy across four sub-data-
bases reached 98. 1%. Subsequently, statistical and analytical of ADHD biomarkers on the limbic system revealed
ADHD biomarkers including the anterior cingulate and paracingulate gyri, right amygdala, olfactory cortex, and left
amygdala. These results proved the rationality of the binary hypothesis end-to-end deep learning model.

Keywords: attention deficit hyperactivity disorder; binary hypothesis; amplitude of low-frequency fluctuation; end-

to-end ; biomarker





