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Diagnosis of youth depression based on transfer learning and 3D-WGMobileNet

GUO Zhaohui, WANG Yu, MA Huijun, TIAN Hengyi

School of Computer and Artificial Intelligence, Beijing Technology and Business University, Beijing 100048, China

Abstract: A novel network model is proposed based on 3D-WGMobileNet and transfer learning to accurately diagnose the
stage of youth depression. After functional magenetic resonance imaging (fMRI) data preprocessing and dimensionality
reduction by converting 4-dimensional fMRI data into 3-dimension through regional homogeneity approach, transfer learning
method is employed to transfer the characteristics of Alzheimer's disease to the proposed 3D-WGMobileNet. The expert
weight matrix of convolutional kernel is constructed using dynamic grouping convolution for improving the expression
ability of the model. The sliding window grouping convolution is used to reduce the quantity of model parameters and
enhance the computing capability. Finally, 3D-WGMobileNet is used for the image feature extraction and classification of
youth depression. Experimental results on the dataset of human connectome projects show that the 3D-WGMobileNet
incorporating transfer learning, dynamic grouping convolution and sliding window grouping convolution exhibit superior
performance in classification, achieving 89.00%, 85.15% and 87.90% accuracies in classifying depression and healthy
controls, mild depression and healthy controls, mild depression and moderate depression, which verifies the feasibility and
effectiveness of the proposed method.
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Table 1 Basic information of the subjects

Blige  n MR/ AR DSMANARE
HC 30 15/15 28.7+3.7 45.6+1.3
MID 25 5/20 28.2+4.1 56.8+1.0
MOD 41 18/23 28.7+3.9 63.542.2
MAD 8 3/5 29.843.6 74.144.5
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Figure 1 fMRI image preprocessing
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Figure 2 Comparison of fMRI images before and after preprocessing
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Figure 3 mReHo transformation results
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Figure 4 Flowchart of the proposed method
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Figure 5 3D-WGMobileNet structure
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Figure 6 Structure of 3D-WGBlock module
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Figure 7 Dynamic grouping convolution
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Figure 8 Schematic diagram of sliding window grouping convolution
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Table 2 Experimental results of different networks

WRES eI HCvs MID  MID vs MOD MOD vs MAD  HC vs flIiliE

WETR 0.8033

3D-MobileNet FI{H 0.8235
AUC 0.8125
2R 0.8283
3D-MobileNet+iE#52% > FI1{H 0.8375
AUC 0.8042
iR 0.8404
3D-MobileNet-+iL# %~ >]+DGConv F1{H 0.8156
AUC 0.8059
TR 0.8473

3D-MobileNet+iT£52% 2] +SGConv
FI{4 0.8072
AUC 0.8467
HiRTES 0.8515
ARSI FI{A 0.8237
AUC 0.8459

0.8289 0.7912 0.8102
0.8650 0.8191 0.8387
0.8075 0.8001 0.7833
0.8180 0.8055 0.8340
0.8194 0.7862 0.863 1
0.7993 0.8400 0.7947
0.8120 0.8056 0.8360
0.8286 0.8176 0.8571
0.7920 0.8625 0.7967
0.8260 0.8111 0.8371
0.8169 0.8259 0.8525
0.7853 0.8188 0.7907
0.8790 0.8257 0.8900
0.8581 0.8179 0.8778
0.8226 0.8328 0.8407

JEE RT3 B A BV 0D T B BUZ I N i AN B
52 7% E 1T MobileNetV3 > A% T V1 fifi T #h 284844
WK, I HAEDREE ] 3 BT A SEARHR 155 2%
BAREHATTARE Ty, B B R B 2 R AIE 19 3% 55 BE
J1, RN GE . 7E 3D 5 2D-MobileNetV3
(9 % F 52 3 i, 3D-MobileNetV3 7EHEH 3D KIS AHE

IFRE BT 3 AN FE AR DEA T2, 45 i XA E ]
RFFHESRIUBE 1. R, 3D-MobileNetV3 [ 45 75 A
IR B (Al 432 fe i & 42 7t , JUHOUE MID ve MOD
2 LE R VERRA L 2D 28R 55 7.33%, F1 (42T
10.2%,AUC $£7}4.75%.

R3 TEREF IMELEHER

Table 3 Experimental results of different deep learning networks

P 2 Ei=L HCvs MID  MID vs MOD MOD vs MAD ~ HC vs #Iils4iE
MRS 0.6222 0.6111 0.6300 0.656 0
2D-Vggl6 F11H 0.7285 0.5179 0.6352 0.7714
AUC 0.6125 0.5388 0.6210 0.5280
iRTHES 0.6278 0.6000 0.6250 0.6320
2D-Resnet50 F1{H 0.7313 0.4008 0.636 1 0.7121
AUC 0.4663 0.5625 0.6450 0.5800
iRTES 0.7056 0.7217 0.6050 0.7304
2D-MobileNetV 1 F11{H 0.7176 0.7117 0.5093 0.7856
AUC 0.7625 0.7188 0.5420 0.7559
iRTHES 0.7811 0.7556 0.5500 0.776 1
2D-MobileNetV3 F11{H 0.7659 0.763 0 0.4129 0.8750
AUC 0.798 8 0.760 0 0.4750 0.7792
MiRTES 0.8033 0.8289 0.7912 0.8102
3D-MobileNetV3 F11{ 0.8235 0.8650 0.8191 0.8387
AUC 0.8125 0.8075 0.8001 0.7833
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