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Chinese question classification algorithm based on
stacking integrated learning
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[ Abstract] In order to improve the effect of Chinese question classification, improve the problem that single model question
classification is greatly affected by training data and model parameters, poor scene adaptability, and weak generalization ability. This
paper proposes a Chinese question classification algorithm based on Stacking integrated learning. The model uses the integrated
learning Stacking framework to integrate LightGBM, XGBoost, and Random Forest to build a multi—base classifier, and uses
Logistic Regression as a meta—classifier to achieve Chinese question classification, so as to improve the generalization ability of the
model and improve the classification accuracy. The model is trained and verified by using the network open—source Chinese question
dataset. The experimental results show that the Chinese question classification model based on Stacking proposed in this paper
improves the F1 value by 2.82% compared with the optimal LightGBM single model. Therefore, the Chinese question classification
algorithm based on Stacking integrated learning can effectively improve the accuracy of Chinese question classification and support
the question—answering system to achieve better performance.
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Fig. 1 Chinese question classification model based on Stacking
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Fig. 2 Chinese question data set based on sentence pattern
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Tab. 1 Best parameters of the model

A2 Iy AR RS
1 LightGBM { num_leaves =63, n_estimators = 100}
2 XGBoost { n_estimators =120, learning_rate=0.08 ,gamma=0, subsample=0.8, colsample_bytree =0.9, max_depth=5|
3 Random Forest { class_weight ="balanced’, random_state= 10}
4 Logistic Regression { penalty="11" ,solver="liblinear" ,C=0.5, max_iter=1 000
5 Stacking FL7 fev=3]
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Tab. 2 Experimental results of chinese question classification based
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on stacking %
LAY P R F1
LightGBM 95.56 96.52 96.03
XGBoost 97.88 96.92 95.92
Random Forest 94.84 95.12 94.98
Logistic Regression 63.56 58.68 61.02
Stacking Fill 5515 %) 98.25 97.35 97.80
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