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README License

, midr: Create an Interpretable Surrogate of Black-Box
ML Models

The midr package is designed to provide a model-agnostic method for interpreting black-box machine learning

models by creating a globally interpretable surrogate of the target model
The basic concepts underlying the package were developed as a functional decomposition techmque called

Maximum Interpretation Decomposition (MID

giad L L T | | I

Installation

You can install the development version of sidr from

5 install_github(“ryo-asashi

Examples
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(RGLM: Regularized GLM)
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Types of Regularized GLMs

¢ Lasso
e Can penalize coefficients to zero
¢ Ridge
e Can penalize coefficients to near zero

e Elastic Net

¢ Combination of Lasso and Ridge
e Can penalize coefficients to zero

¢ Derivative Lasso and Accurate GLM (AGLM)

e Can penalize categorical variable coefficients to zero
e Can group ordinal variable levels with adjacent levels

e | asso Credibility

OLIS-REFEHARFRIRTIA -S54 2026/06/27

AGLM: A Hybrid Modeling Method of GLM and Data
Science Techniques

Suguru Fujita®*  Toyoto Tanaka!  Kenji Kondo! Hirokazu Iwasawa$

2020-03-15

Abstract

In recent years, one of the most critical tasks for actuaries is to adopt data science techniques
in predictive modeling practice. However, due to the peculiarity of insurance data as well as
the priorities taken by actuaries in decision-making, such as the interpretability of models and
regulatory requirements, most actuaries may find difficulties in applying them. We believe some
original modeling methods with a good balance of high predictive accuracy and strong explana-
tory power is what is required. We propose, from this standpoint, AGLM (Accurate GLM), a
simple modeling method with a desirable good balance accomplished by combining data science
techniques and conventional Generalized Linear Models. For practitioners’ convenience, we have
also developed an R package named aglm (https://github.com/kkondo1981/aglm). Since the
first version released in January 2019, the aglm can make numeric features segmented optimally
exactly as Fused LASSO does when the L1 regularization is designated. In addition, the current
version can, alternatively if preferable, change them from ling iables to the optimal piece-wise
linear variables. Those functions make the constructed predictive model much more flexible than
a conventional GLM hopefully still keeping sufficient explanatory power.

1 Introduction

In recent years, it has become an essential task for actuaries to integrate machine learning and data
science techniques into actuarial practices as those techniques have been developing remarkably.
There are many types of recent research on the implementation of machine learning methods, in-
cluding the gradient boosting machine (GBM) and the neural network (NN), for pricing, reserving
evaluation, and so on (Yang, Qian, and Zou 2018), (Poon and others 2019). These modeling meth-
ods achieve high prediction accuracy by specifying the important features among many candidates
and fully capturing the complicated non-linear relationship between the features and the response
variable. These methodologies will be indispensable to evaluate risks precisely for actuaries who
are working in the information society, where a massive amount of data is being produced every
second.
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