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“ Interpretml : A unified framework for machine learning interpretability
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InterpretML: A Unified Framework for Machine Learning
Interpretability

Harsha Nori HANORITMICROSOFT.COM
Samuel Jenkins SAJENKINTGMICROSOFT.COM
Paul Koch PAULKOCHEMICROSOFT.COM
Rich Caruana RCARUANATGMICROSOFT.COM

Microsoft Corporation
I Micrasaft Way
Redmend, WA 98052, USA

Editor:

Abstract

InterpretML is an open-source Python package which exposes machine learning inter-
pretability algorithms to practitioners and researchers. InterpretML exposes two types of
interpretability — glassbex. which are machine learning models designed for interpretabil-

ity (ex: linear models, rule lis neralized additive models), and blackbex explainability

technigques for explaining e ing systems (ex: Partial Dependence, LIME). The package
enables practitioners to easily compare interpretability algorithms by exposing multiple
methods under a unified APL and by having a built-in, extensible visualization platform.
Interpret ML also includes the first implementation of the Explainable Boosting Machine, a
powerful | interpretable, glasshox model that can be as accurate as many blackbox models.
The MIT licensed souree code can be downloaded from github.com/microsoft /interpret.

Keywords: Interpretability, Explainable Boosting Machine, Glassbox, Blackbox
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from interpret.glassbox import ExplainableBoostingRegressor

ebm = ExplainableBoostingRegressor()
ebm.fit(X train, y train)

print(f'R2={r2 score(y test, ebm.predict(X test)):.2f}")
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