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Abstract

This study proposes a method to improve the predictive performance of a DNN based depression risk model by
optimizing its hyperparameters using biometric data from wearable devices and PHQ 9 survey responses. After
rigorous preprocessing, including quality enhancement and class-imbalance correction with SMOTE, we compared
several traditional machine-learning algorithms with a deep neural network (DNN). The DNN, optimized with
MinMax scaling, six hidden layers, and the Nadam optimizer, achieved the best performance, recording an Fl-score
of 0.8953 and demonstrating superior ability to capture the non-linear and hierarchical patterns intrinsic to wearable
biosignals. These findings provide empirical support for developing wearable-based systems for early depression
screening and continuous monitoring.
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Table 1. F-score-based selected variables

F-score p-value
Sex 21.36 0.00
BP17_dg 245 0.09
BP16_1 2258 0.00
BP16_2 10.88 0.00
BE3_31 2.72 0.07
HE_dbp 1.60 0.20
HE _dbp 1.53 0.22
sexBP17_dg 144 0.24
BE5_1HE_dbp 1.53 0.22
HE_rPLSHE _dbp 1.53 0.22
HE_dbp2 1.50 0.22
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Neural Network Visualization with Dropout
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Table 2. Distribution changes after applying SMOTE

PHQ-9 Before SMOTE After SMOTE
074(0) 1817 1871
579(1) 302 1871
10727(2) 101 1871
Total 2220 5613
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Table 3. Performance comparison after applying SMOTE

Before SMOTE After SMOTE
Accuracy 0.833 0.893
Precision 0.739 0.879
Recall 0.834 0.892
F1-score 0.779 0.883
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Table 4. Experimental data set ELH 245 Ve € 5 £
Variables Name Description Table 5. Neuron setting by hidden layer depth
Target mh_PHQ_S PHQ-9 Score Depth Layers
Input sex SEX 4 [1024, 512, 256, 128]
Input age AGE 5 (1024, 512, 256, 128, 64]
Input HE_sbp Systolic blood pressure 6 (1024, 512, 256, 128, 64, 32]
Input HE_dbp Diastolic blood pressure 7 (1024, 512, 256, 128, 64, 32, 16]
Input HE_rPLS Pulse regularity 8 (1024, 512, 256, 128, 64, 32, 16, 8]
Input HE_PLS_30 | 30-Second pulse count
Input BP17.dg | Obstructive sleep apnea 6 2435 7o 2 M5 Hjw AF
Table 6. Comparison of hidden layer counts
Input BP16 1 Average weelkday sleep 1
duration layer scaler optimizer Accuracy
Input BP16 2 Average weekend sleep 4 l\/l!nl\/lax RMSprop 0.8011
duration 5 MinMax RMSprop 0.8051
Input BE3_31 Days of walking 6 MinMax RMSprop 0.8239
7 MinMax RMSpro| 0.8065
Input BES | Days of ;trength | prop
exercise 8 MinMax RMSprop 0.7742
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Table 7. Performance comparison of scaler

optimizer layer scaler accuracy

Standard 0.846

RMSprop ) MinMax 0.8596

Standard 0.8374

Adam 6 MinMax 0.866

Standard 0.8327

Adam 6 MinMax 0.8065

Standard 0.8566

Nadam 6 MinMax 0.8755
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Table 8. Performance comparison of optimizer

optimizer layer scaler accuracy
RMSprop 6 MinMax 0.8596
Adam 6 MinMax 0.866
AdamwW 6 MinMax 0.8696
Nadam 6 MinMax 0.8938
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Table 9. Hyperparameter settings for ML models

Model Hyperparameter Value
C 0.001
- ) penalty [2
LogisticRegression solver Ibigs
max_iter 1000
max_depth 10
max_features sart
min_samples_leaf 1
RandomForest min_samples_split 2
min_weight_fraction_leaf 0.0
n_estimators 50
criterion gini
C 10
SWM kernel rof
gamma auto
objective multisoftprob
gamma None
learning_rate 0.1
max_depth 3
XGBoost min_child_weight None
n_estimators 50
use_label_encoder False
eval_metric logloss
learning_rate 05
AdaBoost n_estimators 300
boosting_type gbat
colsample_bytree 1.0
learning_rate 0.1
importance_type split
max_depth 10
min_child_samples 20
min_child_weight 0.001
LightGBM min_split_gain 0.0
n_estimators 50
num_leaves 31
reg_alpha 00
reg_lambda 0.0
subsample 1.0
subsample_for_bin 200000
subsample_freq 0
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Table 10. Performence comparison of baseline models
Accuracy Precision Recall F1 Score
LogisticRegression 0.6693 0.4480 0.6693 0.5367
RandomForest 0.8499 0.8471 0.8021 0.8471
XGBoost 0.8480 0.7653 0.8480 0.7982
SVM 0.7631 0.6339 0.6446 0.6599
AdaBoost 0.8194 0.6333 0.6238 0.6393
LightGBM 0.8391 0.7610 0.8391 0.7931
AutoML 0.8109 0.7104 0.8109 0.7450
1D CNN 0.6791 0.6763 0.6488 0.6403
TabNet 0.8391 0.7460 0.8391 0.7838
DNN 0.8938 0.8305 0.8938 0.8953
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Table 11. Hyperparameter settings for DL models

Model Hyperparameter Value
batch_size 64
dropout_rate 0.2
1D-CNN epochs 0
filters 64
kernel_size 3
n_d 31
n.a 59
TabNet b_step 3
gamma 1.2809
lambda_sparse 0.0003
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