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Research on developing classification models and

regression models to predict stress levels

YuYeon Jung*, Jin—-Hyoung Jeong**
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Abstract  This study developed two machine learning models for predicting stress levels,
namely, a binary classification model and a regression model, and evaluated their performance.
The main purpose of the study is to present a model that can predict stress levels more
accurately. For this, the two models were trained using Random Forest Classifier and Random
Forest Regressor, respectively, and the prediction performance was compared. In the binary
classification model, the stress levels were classified by binarizing them into "high" and "low,"
and the accuracy was 100%, and the precision, reproducibility, and F1 scores were all 1.0. It
showed that the model was very effective in clearly distinguishing stress levels. The regression
model predicts stress levels as continuous values with a mean square error (MSE) of 0.00059
and an R* score of 0.9999, showing very high performance.

Key Words : Binary Classification Model, Machine learning, RandomForest, Regression Model,
Stress Level
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Table 2. Binary Classification Model Performance
Evaluation Indicators
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