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Research on employee data visualization and turnover prediction
based on logistic regression and decision tree
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[ Abstract] By visualizing the data set of employee turnover, we can find that employee turnover is related to many factors, which
means that it is feasible to use machine learning method to predict employee turnover. Based on collated datasets, a logistic

regression model is constructed, which can output the probability of employee turnover according to the given employee situation. By

comparing with several machine learning models, we found that the optimized decision tree has the highest accuracy.
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Fig. 1 Dataset overview
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Fig. 2 Visualization of the joining year of employees
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Fig. 3 Turnover ratio of employees in different groups by education background or region
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Fig. 4 Turnover ratio of employees in different groups
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Fig. 5 Correlation coefficient between different factors and turnover
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Fig. 6 ROC curve and AUC value of logistic regression model
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Fig. 7 Prediction of turnover probability based on logistic regression
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Fig. 10 Test results of decision tree when tuning fails
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Fig. 12 Test results of seven classifiers
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Fig. 13 Prediction of employee turnover with decision tree
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