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Abstract

In real-time bidding (RTB), conversion rate is an important index to measure the advertising ef-
fect. The conversion rate of real-time bidding advertising is very low, which results in the sparsity
of advertising log data and makes it difficult to predict the conversion rate through historical data.
In this paper, the CRPM (Combined Response Prediction Model) is constructed to predict the con-
version rate, and the simultaneous equation of click rate and conversion rate is used to eliminate
the endogenous problem. The Bayesian personalized ranking algorithm in the recommendation
system is optimized to solve the data sparsity problem. The experimental results show that the
combined response prediction model has a better prediction effect on the conversion rate predic-
tion than the commonly used logistic regression prediction method.
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Figure 1. The relationship among impression, click and conversion
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Figure 2. ROC curve comparison of conversion rate prediction
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Table 1. Comparison of prediction effect of advertising conversion rate
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Table 2. Comparison of prediction effect of advertising click-through rate
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Table 3. Covariance matrix of error term
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Table 4. Comparison of average prediction errors
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