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Measuring and Visualizing Two-way Interaction Effects 

 
Hirokazu Iwasawa Tadayoshi Otsuka 

  
AAbbssttrraacctt  

Machine learning models show high predictive power but lack interpretability when making predictions. 

Currently, research on establishing a method for making machine learning models interpretable, is being 

conducted as the field of Interpretable Machine Learning (IML). However, the current methods are considered 

inadequate for actuaries to utilize machine learning models in their work. On the other hand, not using models 

with highly predictive accuracy will hinder the development of actuarial work in the future. The purpose of this 

paper is to propose methods and indicators necessary to raise the interpretability of machine learning models up 

to the level that can be utilized in actuarial works. 

Firstly, we define the interaction effect and propose the Interaction Effect Ratio, Interaction Effect Quantity, 

Uninterpreted Ratio, and Interaction Effect Importance as indicators to confirm its various properties and to 

quantify the interaction effect. As the next step, we clarify that existing methods PD and ALE do not capture 

either main effects or interaction effects well. Consequently, we propose CE, TCE and SI as alternative IML 

methods, and clarify the characteristics of existing methods and alternative methods using proposed indicators. 

In addition, by applying existing methods and alternative methods to a simple model and conducting a 

comparative analysis, we showed the problems of existing methods and the possibilities of alternative methods. 

Finaly, we propose that, in order actuaries to use machine learning models in their work, methods that allows 

actuaries to interpret as many parts as possible using only the main effect term. 
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