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Self-report depression screening tests are commonly used as an initial diagnosis method for depression. However, these tests are easily
accessible on the internet, but there is no appropriate follow-up measure according to the test results, which leads to a counter-effect
due to the lack of motivation for treatment. This study aims to provide reference information for the decision to visit a medical
institution by providing visualized results of depression risk scale prediction and biosignal analysis. The system consists of a DAQ
system for data acquisition, an artificial intelligence system for depression risk scale prediction, and a visualization system for
biosignal analysis results and artificial intelligence prediction results. In particular, the DAQ system includes a wearable device-
specific app based on a non-invasive biosignal acquisition scenario integrated with depression screening tests developed in this study.
For the artificial intelligence system, we collected data from 29 male and female subjects aged 19 to 50 based on the integrated scenario
and applied the artificial intelligence model trained and evaluated through the data.
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Fig. 1. The depression screening test and wearable device integrated system
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Table 1. Data collection period and model used in the preceding research
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[6] 133 |Multiple Regression Analysis PHQ-9 Fitbit Charge 2
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[8] 9=  |Boosting Ensemble, Random Forest HDRS-17 Smart phone, E4
[9] 24 == |kNN, Gradient Boosting, Random Forest, Decision Tree PHQ-9 Smart phone, Fitbit
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[11] 135 |Hierarchical Logistic Regression - Smart phone, Fitbit
[12] 8  |XGBoost HAMD Silmee W20
[13] 2 |Gaussian Process Model - Shimmer 3
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Table 2. Information about selected depression screening tests
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Table 2. Information about selected depression screening tests (continued)
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Table 4. The predicting depression risk scale PHQ-9

Train Accuracy, |91} 0.45

Validation Accuracy, Z|H1g}0.44

PCA Dimension Dim 2 Dim 4 Dim 6 Dim 8 Dim 2 Dim 4 Dim 6 Dim 8
Logistic Regression 0.49 0.63 0.70 0.77 0.40 0.3 0.25 0.26
kNN 0.52 0.62 0.57 0.55 0.32 0.48 0.438 0.49
Naive Bayes 0.51 0.69 0.74 0.83 0.22 0.39 0.23 0.26
Random Forest 0.66 0.78 0.82 0.80 0.38 0.45 0.44 0.41
SVM 0.49 0.66 0.72 0.72 0.40 0.47 0.48 0.46
Train Precision, 2515} 0.2 Validation Precision, 2515} 0.22
PCA Dimension Dim 2 Dim 4 Dim 6 Dim 8 Dim?2 Dim 4 Dim 6 Dim 8
Logistic Regression 0.4 0.63 0.71 0.79 0.29 0.25 0.22 0.24
kNN 0.46 0.55 0.43 0.45 0.22 0.38 0.33 0.34
Naive Bayes 0.51 0.71 0.75 0.84 0.16 0.35 0.21 0.24
Random Forest 0.66 0.79 0.83 0.83 0.23 0.38 0.3 0.24
SVM 0.34 0.7 0.74 0.75 0.22 0.27 0.28 0.24
Train F1 Score, 2513} 0.28 Validation F1 Score, Z¥13}0.29
PCA Dimension Dim 2 Dim 4 Dim 6 Dim 8 Dim2 Dim 4 Dim 6 Dim 8
Logistic Regression 0.4 0.59 0.68 0.76 0.31 0.25 0.22 0.23
kNN 0.45 0.55 0.49 0.46 0.25 0.39 0.38 0.38
Naive Bayes 0.48 0.69 0.73 0.83 0.17 0.34 0.2 0.22
Random Forest 0.59 0.73 0.79 0.79 0.25 0.37 0.34 0.29
SVM 0.35 0.6 0.67 0.67 0.28 0.33 0.34 0.31
Table 5. The predicting depression risk scale K-BDI-2
Train Accuracy, |51} 0.52 Validation Accuracy, Z|514}0.51
PCA Dimension Dim 2 Dim 4 Dim 6 Dim 8 Dim2 Dim 4 Dim 6 Dim 8
Logistic Regression 0.57 0.75 0.79 0.82 0.41 0.5 0.46 0.46
kNN 0.56 0.59 0.68 0.64 0.36 0.49 0.63 0.53
Naive Bayes 0.59 0.77 0.82 0.86 0.39 0.52 0.41 0.42
Random Forest 0.70 0.80 0.84 0.84 0.40 0.56 0.58 0.49
SVM 0.56 0.77 0.82 0.82 0.42 0.54 0.56 0.53
Train Precision, Z|H13}0.27 Validation Precision, Z|51%} 0.28
PCA Dimension Dim 2 Dim 4 Dim 6 Dim 8 Dim 2 Dim 4 Dim 6 Dim 8
Logistic Regression 0.47 0.76 0.78 0.84 0.27 0.51 0.53 0.54
KNN 0.51 0.64 0.55 0.53 0.29 0.43 0.54 0.45
Naive Bayes 0.6 0.79 0.84 0.88 0.38 0.47 0.39 0.36
Random Forest 0.7 0.8 0.83 0.86 0.29 0.55 0.49 0.42
SVM 0.43 0.83 0.85 0.86 0.27 0.4 0.38 0.34
Train F1 Score, 2513} 0.28 Validation F1 Score, Z|H1%}0.29
PCA Dimension Dim 2 Dim 4 Dim 6 Dim 8 Dim 2 Dim 4 Dim 6 Dim 8
Logistic Regression 0.47 0.74 0.78 0.82 0.31 0.47 0.45 0.43
kNN 0.51 0.64 0.6 0.57 0.29 0.42 0.55 0.46
Naive Bayes 0.55 0.76 0.81 0.86 0.35 0.46 0.38 0.37
Random Forest 0.66 0.77 0.82 0.84 0.32 0.5 0.47 0.41
SVM 0.44 0.74 0.8 0.8 0.31 0.44 0.44 0.41




Table 6. The predicting stress risk scale PSS-10

Train Accuracy, Z|H17}0.54 Validation Accuracy, Z]517}0.36
PCA Dimension Dim 2 Dim 4 Dim 6 Dim 8 Dim 2 Dim 4 Dim 6 Dim 8
Logistic Regression 0.57 0.72 0.77 0.79 0.25 0.39 0.39 0.36
KNN 0.61 0.67 0.67 0.64 0.25 0.34 0.39 0.33
Naive Bayes 0.60 0.73 0.75 0.80 0.26 0.33 0.34 0.33
Random Forest 0.85 0.90 0.95 0.97 0.16 0.28 0.27 0.21
SVM 0.63 0.81 0.84 0.86 0.19 0.27 0.24 0.25
Train Precision, Z/51%}0.29 Validation Precision, 2513} 0.15
PCA Dimension Dim 2 Dim 4 Dim 6 Dim 8 Dim 2 Dim 4 Dim 6 Dim 8
Logistic Regression 0.57 0.72 0.78 0.79 0.16 0.42 0.43 0.4
kNN 0.59 0.67 0.67 0.64 0.19 0.4 0.51 0.4
Naive Bayes 0.6 0.73 0.76 0.8 0.28 0.4 0.44 0.43
Random Forest 0.88 0.92 0.95 0.97 0.18 0.22 0.27 0.2
SVM 0.66 0.81 0.84 0.89 0.1 0.29 0.25 0.27
Train F1 Score, 2]¥13%} 0.35 Validation F1 Score, 2513} 0.36
PCA Dimension Dim 2 Dim 4 Dim 6 Dim 8 Dim 2 Dim 4 Dim 6 Dim 8
Logistic Regression 0.53 0.72 0.77 0.78 0.18 0.37 0.38 0.36
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Fig. 10. Depression risk scale prediction and biometric signal analysis visualization program
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