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Interview Scores Prediction for GIS Master Based on Emotional Computing
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Abstract: In response to the problem of organizing interviews for GIS specialties that bring large human resources and time costs, based on real
interview video data and expert scoring data, we explored the association between emotional features and interview scores through face emotion
recognition and construction feature engineering using four machine learning models including partial least squares regression, support vector re-
gression, random forest regression and gradient boosting regression trees for regression model construction. The results show that the stability
and generalization ability of partial least squares regression model are better in this application, and the determination coefficient of model is
0.486. Further analysis reveals that among the basic emotions, our definition of “negative emotions” is significantly negatively correlated with
interview performance, while neutral emotions and positive emotions are significantly positively correlated with interview performance. This
study can make a meaningful exploration for the automation of GIS talent interview assessment.
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