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Table 1 Basic features of users
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Table 2 Basic features of items
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Table 3 Statistical combination feature
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Table 4 Derivative statistical combination feature
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Table 5 The meaning and function of
partial combinatorial features
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User Behavior Prediction Based on Feature Engineering of
Quadratic Combination and XGBoost Model

YANG Li-hong, BAI Zhao-qiang
( Department of Mathematics, South China University of Technology, Guangzhou 510640, China)

[ Abstract] Constructing feature has always been a problem in the process of data mining when conventional ways
for feature engineering do not satisfy the need of various data mining mission any more. As machine learning is in a
state of rapid development, feature engineering has been playing an important role gradually. The data of user behav-
ior was used to construct statistical combination feature based on the original feature, which is particularly suitable for
the business scene. At the same time two different window sliding method is used, in other words, fixed length win-
dow sliding to obtain more training samples, and variable length window sliding to get more feature from different time
dimension, for the purpose of reproducing the real habit of user in daily life as much as possible. In the end of this
paper, different combinations of features will be used for control experiment, while different models such as LR,
SVM, ET and XGBoost are all used for experiment as well. The results show that no matter in the linear model or tree
model, the F1 value of the combination feature group is better than the original feature group.

[ Key words] feature engineering feature combination user behavior prediction XGBoost



