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¶Use Black-Box Explanation (LIME, SHAP, Partial Dependence, ê) When:

¶You donõt have access to the training data

¶Or model was pre-trained and given to you

¶Or a specific black-box model was required (neural net, boosted trees, random forests, ê)

¶Or youõre trying to understand a complex pipeline from beginning to end

üMust use black-box explanation methods

¶But Use Glass-Box Machine Learning (EBM: Explainable Boosting Machine) When:

¶You have access to the training data and youõre the one training the model

¶Youõre the one who needs to debug the model, retrain the model, improve model accuracy, ê

üShould use Glass-Box ML methods such as EBMs

¶Exact intelligibility, not approximate as with black-box explanation methods

¶Better intelligibility leads to faster debugging and model development/improvement

¶Models are editable to correct bias and errors



Accuracy vs. Intelligibility Tradeoff ???
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EBMs: Type of Generalized Additive Models (GAMS)

¶Linear Model:  y = ɼ0 +ɼ1x1 +ɼ2x2 + ... +ɼn xn

¶Additive Model: y = f1(x1) + f2(x2) + ... + fn (xn) 

¶Additive Model with Pairwise Interactions: y = i fi (xi) + ij fij (xi , xj ) + ijk fijk (xi , xj , xk )

¶Full Complexity Models: y = f (x1, ..., xn)

¶GAMs originally developed at Stanford in late 80's by Hastie & Tibshirani
¶But statisticians were too conservative fitting models: less accuracy and less intelligibility!

¶Our contribution is to put EBMs (GAMs) on modern, machine learning steroids:
¶As machine learning people, weõre not so conservativeê
¶Improved accuracy, intelligibility and editability
¶Released a modern, easy-to-use open-source package: https://github.com/interpretML/interpret

¶Additive Model: y = f1(x1) + f2(x2) + ... + fn (xn) 

¶Additive Model with Pairwise Interactions: y = i fi (xi) + ij fij (xi , xj )



Algorithm Sketch











































How to Fit Pairwise Interactions ?

¶FIT MAINS:

¶Fit main effects first

¶Freeze the main effects

¶Compute residual of main effects to original targets

¶FIT PAIRS:

¶There are O(N2) possible pairs --- donõt want to add that many terms to model

¶Use algorithm called FAST to heuristically sort O(N2) pairs by match to residual

¶User selects number of pairs to add to model

¶Run same round-robin boosting algorithm to fit K pairs

¶Final Model = N Mains + K Pairs





























Final Model:   Mains + Select Pairwise Interactions



Explainable Boosting Machine (EBM) Case Studies

1. Pneumonia Mortality

2. MIMIC-II: ICU Mortality

3. German Credit

4. Wikipedia Malicious Edits

5. Pregnancy: Severe Maternal Morbidity

6. COVID-19 Mortality

7. 30-Day Hospital Readmission

8. Bias & Recidivism Prediction



Case Study 1: Pneumonia Mortality



Pneumonia Dataset (collected 1989): 46 Features




