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Prediction of Serious Depressive Symptoms by Blood Test and
Environmental Factor in Adult Men and Women
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ABSTRACT

Severe depression is one of the mental illnesses that attract attention as a serious social issue. These mental
illness may be related to physical illness or environmental factors. In this paper, we perform a modeling to
predict the severity of depression due to the individual physical factors and the environmental factors, analyze the
accuracy, sensitivity, and specificity of the proposed models. In particular, we use the Artificial Neural Network
(ANN) and Deep Neural Network (DNN) models of the neural networks for predicting the severity of depression.
Comparing the accuracy results of ANN and DNN models using various optimizers, the predictive accuracy of
the ANN model is 72.27% and the predictive accuracy of the DNN model is 76.08%, respectively. The accuracy
of prediction of machine learning algorithm for predicting serve depression is presented by comparing the Area

Under Curve (AUC) values for proposed models.
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Variable Name: INQO20
SAS Label: Income from wages/salaries
English Text: The next questions are about {your/your combined family} income.

When answering these questions, please remember that by
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B Fig. 3. Income from wages/saaries values for prediction
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Fig. 8. Simulation result of ANN algorithm for prediction
model of PHQ-9 (Dropout = 0.8)
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Fig. 9. Simulation result of DNN algorithm for prediction
model of PHQ-9 (Dropout = 0.7, hidden layer = 3)
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Table 4. Accuracy of application of various optimization
methods

DNN (Hidden Layer)
Dropout ANN

3 5 7
0.7 71.27% 72.46% | 74.81% | 72.28%
0.8 70.24% 73.19% | 76.08% | 74.93%
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Fig. 10. Comparison of ANN and DNN algorithms for
predicting depression
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Table 5. Training and test accuracy results in Figures 10
Training Test
accuracy 67.45% 70.24%
ANN
cost 0.6080 0.6108
accuracy 69.90% 72.41%
DNN
cost 0.5957 0.6115
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Table 6. True/False-Positive/Negative values for Figure
10

ANN DNN
True-Positive 77 (4.64%) 81 (4.88%)
True-Negative 1080 (65.60%) 1121 (67.53%)
False-Positive 447 (26.93%) 415 (25%)
False-Negative 47 (2.83%) 43 (2.59%)
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Table 7. Results of Sensitivity, Specificity, and AUC for
Figure 10

ANN DNN

Sensitivity 0.62 0.65

Specificity 0.71 0.73

Positive predictive value 0.15 0.16

Negative predictive value 0.96 0.96

AUC 0.66 0.69
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