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Logical Regression Click Prediction Algorithm Based on Combination Structure

GUO Shangzhi, LTAO Xiaofeng and XIAN Kaiyi

College of Computer Science, Chongqing University,Chongqing 400030, China
Abstract With the rapid development of the Internet and advertising platforms,in the face of massive advertising information,in
order to improve the user click rate,an improved logical regression click prediction algorithm, logical regression of combination
structure(LRCS) based on composite structure is proposed. The algorithm is based on different types of features,which may have
different audiences. First,FM is used to combine features to generate two types of combined features. Secondly,a kind of feature
combination is used as clustering algorithm for clustering. Finally.another type of feature combination is input into the segmented
GBDT +logical regression combination model generated by clustering for prediction. Through multi angle verification in two pub-
lic datasets,and compared with other commonly used click prediction algorithms,it shows that LRCS has a certain performance
improvement in click prediction.

Keywords Logical regression, Feature combination, Clustering. Combination recommendation., Artificial intelligence, Intelligent
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Table 1 Experiment environment configuration
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Table 2 Dataset information
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Table 3 Experimental comparison

Criteo iPinYou(10 %)

A -
AUC Logloss AUC Logloss
LR 0.7787  0.5694  0.7283  0.6194
FM 0.7823  0.5579  0.7356  0.6043
GBDT 0.7835  0.5561 0.7361 0.6108
GBDT+LR 0.7794  0.5546  0.7301 0.6082
DeepNetwork 0.7563  0.5704  0.7082  0.6531
LRCS 0.7846  0.5547  0.7369  0.6011
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Fig. 2 Comparison between LRCS and other algorithms
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