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The Cox hazard model using Factorization Machines

∗1
Kanata Satake

∗1∗2
Makoto Yamada

∗2
Kota Matsui

∗2∗3
Shigeyuki Matsui

∗1∗2
Hisashi Kashima

∗1
Kyoto University

∗2
RIKEN Center

∗3
Nagoya University

Survival analysis is an approach to analyze the time until the occurrence of an event of interest. In many cases,
the Cox proportional hazard model is the most popular regression method without specifying the underlying time-
to-event distribution. However, it can only use linear information of features. In this research, we introduce the
factorization machines (FM) to the Cox hazard model. In contrast to the previous models, The proposed model
can use the interaction between covariates and retain interpretability. The experiments using a medical dataset
show that our model yields better performance than baseline models.
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