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Assisted diagnosis of major depression disorder using deep learning and
structural magnetic resonance imaging

FU Changyang, WANG Yu, XIAO Hongbing, XING Suxia
(Beijing Key Lab of Food Safety Big Data Technology, Beijing Technology and Business University, Beijing 100048, China)

Abstract: Depression is one of the diseases with the highest disability and morbidity. About 300 million people around
the world are suffering from depression. However, there exist no effective biological characteristics and clinical meth-
ods to help doctors diagnose depression accurately. In this study, the state-of-the-art deep learning model in the field of
computer vision is optimized and adapted to diagnose depression. On this basis, transfer learning is introduced, achiev-
ing excellent results. Experimental results reveal that compared with the frontier algorithm model, the proposed method
can effectively improve the classification accuracy and recall of the structural magnetic resonance image of control sub-
jects who are healthy and those who are depressed, which fully verifies the effectiveness and superiority of the proposed
method.

Keywords: depression; diagnosis; computer vision; deep learning; optimization; transfer learning; structural magnetic

resonance image; classification
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Table 1 Statistical analysis results of subjects

Bt MDD HC P
PERICE 20) 43:56 33:42 0.941
AR/ % 34.57+12.18  35.65£12.63  0.570
HERE/AE 13.75£3.01  12.93£2.40  0.610
SR % 18~65 19~60 —
/A 7.88+7.87 — —
TIHRIE AR/ 2.63+1.26 — —
HAMD 21.44+3.97 — —
HAMA 16.00+9.61 — —
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Fig. 1 Data preprocessing flowchart
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Table 2 Parameters and architecture of the 3D-DenseNet 121
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= i RS R S
HAJZ 1x121x145%x121 —
3D-Conv 64x121x73%61 BRI (7,7, 7), (1, 2, 2)
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1x1x1
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3D-Transition . .
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3D-Transition
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Fig. 4 Framework of the proposed transfer learning
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Table 3 2D network experimental results

o] 2 A5 A HERA/% A 13/%
AlexNet 58.45 65.68
VGGI19 60.32 67.39
ResNet34 63.33 68.26
ResNet50 63.88 69.34
ResNet101 65.59 72.23
ResNet152 66.06 72.09
ResNet200 67.94 74.82
DenseNet121 67.38 74.65
DenseNet169 68.20 74.91
DenseNet201 68.84 75.35
DenseNet264 69.96 76.32
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Table 4 Comparison of experimental results between 2D
and 3D networks

B R HERI1% AR /%

ResNet101 65.59 72.23
3D-ResNet101 73.26 78.46
ResNet152 66.06 72.09
3D-ResNet152 73.47 79.33
ResNet200 67.94 74.82
3D-ResNet200 74.81 80.66
DenseNet121 67.38 74.65
3D-DenseNet121 74.26 80.20
DenseNet169 68.20 74.91
3D-DenseNet169 75.38 81.26
DenseNet201 68.84 75.35
3D-DenseNet201 76.53 82.59
DenseNet264 69.96 76.32
3D-DenseNet264 77.42 83.72
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Table 5 Comparison of experimental results of transfer

learning
(S il TR ERR%  BRE%

None 74.81 80.66
3D-ResNet200  Med3D-Transfer 78.62 84.37
ADNI-Transfer 81.45 86.52
None 77.42 83.72

3D-DenseNet264
ADNI-Transfer 84.37 87.26
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