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Research on online fast fashion product return prediction
based on machine learning
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Abstract: Merchandise returns are an important factor that affects the operational performance of online fast fashion. Effectively
identifying important factors affecting returns and predicting return behavior are important to improve the operational performance of
the online fast fashion industry. Based on real online fast fashion merchandise return data, this study applies machine learning
models to compare the predictive performance of seven models, including this study compares the prediction performance of seven
models, including six base models of Decision Tree, Random Forest, Gradient Boosting Decision Tree, LightGBM, XGBoost and
CatBoost and a stacking model, and compares the importance of features in the six base prediction models to identify the important
variables. The performance of the seven models for return prediction is evaluated by six evaluation metrics. The results show that the
three most important factors affecting product returns, i.e. , total order spend, recommended purchase price, and payment method;
the combined prediction performance of the CatBoost model outperforms the other five base models and is more suitable for
identifying return predictions for online fast fashion items; and the Stacking combination model does not further improve the
prediction accuracy in this dataset.
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Table 1 Characteristic variables for product return forecasting
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Fig. 1 Box plot of feature importance distribution for the six base
models
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Fig. 2 Performance comparison of the base models and the Stacking model on the training and testing sets
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