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Abstract: Users are the core of operators’ interests. With the introduction of the policy of transferring network with a
number, the competition between operators becomes more and more fierce. In order to accurately predict subscriber
loss tendency in advance, a prediction method of subscriber loss based on generative adversarial network data recon-
struction was proposed. Firstly, the dirty data in the telecom subscriber loss data was used by effective data prepro-
cessing method. Secondly, the GAN was used to reconstruct the telecom subscriber loss data to solve the problem of
the imbalance of the telecom subscriber loss data. Finally, extreme gradient boosting algorithm was used to train the
telecom subscriber loss prediction model based on GAN reconstruction and the SMOTE sampling model based on
synthetic minority oversampling technique sampling method respectively, and compare the prediction accuracy of the
two models. The experimental results show that the prediction accuracy of the GAN reconstructed telecom subscriber

loss prediction model is increased by 6.75%, the accuracy rate is increased by 25.91%, the recall rate is increased by
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30.91%, and the F1-score is increased by 28.73% compared with the unreconstructed prediction model. This method

can effectively improve the accuracy of telecom subscriber loss prediction.

Key words: XGBoost algorithm, generative adversarial network, customer churn, data reconstruction, synthetic mi-

nority oversampling technique
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