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A Study on Risk Classification of Sleep Apnea Syndrome Using Patient Background Information

- Performance Comparison of Machine Learning Models Using the Nagahama Study -
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Abstract : This study examines the development of a system to predict apnea hypopnea index (AHI), which is used to discriminate

sleep apnea syndrome (SAS) risk, based on patient background information.
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Table 1. Result of each model

RMSE SASrisk Accuracy
Neural Network 7.47 63.13%
Random Forest 6.25 62.89%
LightGBM 6.22 63.75%
XGBoost 6.10 63.61%

296

FiiFESTIRE

High
Gender

Age

Abdominal circumference
BMI

Weight

Feature value

Hypertension
Height -

Diabetes

i

10 15 20

5 5
SHAP value (impact on model output)

Figure 1. SHAP Analysis of the XGBoost Model

Table 2. Results of XGBoost with SMOGN Applied

RMSE SASrisk Accuracy
8.34 55.87%
Confusion Matrix [SAS Risk Classification) Confusion Matrix [SAS Risk Classification)
(a) original data (b) after SMOGN

Figure 2. XGBoost Confusion Matrix
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