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Discontinuation of ad creative is an important process to select high-performance ad creatives. In this study,
we develop a prediction framework for ad creative discontinuation; the framework reduces the burden on digital
ad operations load and helps to increase business revenue. Our ad creative discontinuation framework consists of
deep neural networks take the text, category, image and numerical information of the targeted ad. It estimates the
appropriate discontinuation time with a survival prediction strategy. Here, we propose two simple but extremely
effective techniques to enhance the prediction performance; (1) sales-based loss function, and (2) two-period esti-
mation. The former considers the importance of ads by weighting the loss function according to the click-through
rate (CTR). The latter separately estimates “short-term censoring” as a short-term discontinuation and “long-term
wear-out” as a long-term discontinuation, taking into account these different properties. We evaluated our pro-
posal framework using the record of real-world 1,000,000 ad creatives provided Gunosy Inc. with a concordance
index (CI). Our proposal multi-modal deep neural network framework performed (0.623 in CI) better than conven-
tional method (0.531). Our two-period estimation largely improved the prediction performance by approximately
20 point on both short-term (0.829) and long-term (0.789) discontinuation. The introduction of sales-based loss

further improves performance by an average of approximately 3 point in CI (short: 0.857, long: 0.823).
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