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TUseBlackBox Expl anation (LI ME, SHAP, Pal

TYou dondt have access to the training data

T Or model was pretrained and given to you

T Or aspecificblackb o x model was required (neur al net, b
TOr youodore trying to understand a complex pi pe
U Must use blackbox explanation methods

7 But Use Glas8ox Machine Learning (EBM: Explainable Boosting Machine) Whe

T You have accessto the trainingdataangou 6 r e t he one training the

TYoudre the one who needs to debug the model,

u Should use GlassBox ML methods such as EBMs
71 Exact intelligibility,not approximate aswith black-box explanation methods
1 Better intelligibility leads to faster debugging and model development/improvement
1 Models are editable to correct bias and errors
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Table 1: Test set AUCs across 10 datasets. Best number in each row in bold.
GAM Full Complexity
EBM |[EBM-BF XGB XGB-L2 FLAM Spline iLR LR mLR RF XGB-d3

Adult [0.930] 0928 0.928 0917 0925 0.920 0.927 0.909 0.925 0912 0.930
Breast | 0.997 | 0.995 0997 0997 0.998 0.9589 0.981 0.997 0.985 0.993 0.993
Churmm  |0.844| 0.840 0.843 0843 0.842 0.844 0.834 0.843 0.827 0.821 0.843
Compas | 0.743| 0.745 0.745 0.743 0.742 0.743 0.735 0.727 0.722 0.674 0.745
Credit | 0.980| 0973 0980 0.981 0.969 0.982 0.956 0.964 0.940 0.962 0.973
Heart | 0.855| 0.838 0853 0858 0.856 0.867 0.859 0.869 (.744 0.851 0.843
MIMIC-II| 0.8341 | 0.833 0.835 0.831 0.831 0.828 0.811 0.793 0.816 0.860 0.817
MIMIC-IIT| 0.812 | 0.807 0.815 0.815 0.812 0.814 0.774 0.785 0.776 0.807 0.820
Pneumonial 0.853| 0.847 0250 0830 0.853 0.852 0.8343 0.837 0.545 0.845 0.848
Support2 | 0.813 | 0.812 0.814 0.812 0.812 0.512 0.800 0.803 0.772 0.824 0.820
Average |0.866| (.862 0.866 0.865 0.861 0.865 (0.852 0.853 0.835 (.8H5 0.B66

Rank 3.70 | 670 340 490  5.05 460 870 T.75 970 740  4.10
Score  [0.893( 0.731 0873 0818 0.836 0.810 0.474 0507 0.285 0.543 0.565

Chang, C.H., Tan, S., Lengerich, B., Goldenberg, A. and Caruana, R., 2020.
How Interpretable and Trustworthy are GAMs7arXiv preprint
arxXiv:2006.06466



Broward Interpretable Models
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General Violent Drug Property Felony Misdemeanor General Violent Drug Property Felony Misdemeanor
Problem Problem

NWe observed that the best I
approximately as well as the best black-b o x model s (

Wang, C., Han, B., Patel, Bdohideen, F. and Rudin, C., 2020.
In Pursuit of Interpretable, Fair and Accurate Machine Learning for
Criminal Recidivism PredictionarXiv preprint arXiv:2005.04176



Table 1: AUC on the classification datasets for different learning methods. Each cell contains the
mean AUC £+ one standard deviation obtained via 5-fold cross validation. Higher AUCs are better.

Model COMPAS MIMIC-IT Credit Fraud
Logistic Regression | (0.730+ 0.014 | 0.791 £ 0.007 | 0.975 £ 0.010
Decision Trees 0.723 +0.010 | 0.768 + 0.008 | 0.956 + 0.004
MAMS 0741 0009 08304+ 0008 | 0980+ 0002
EBMs 0.740 + 0.012 | 0.835 + 0.007 | 0.976 + 0.009
XGBoost 0.742 £0.009 | 0.844 £ 0.006 | 0.981 £ 0.008
DNNs 0.735 £ 0.006 | 0.832 + 0.009 | 0.978 + 0.003

Table 2: RMSE on regression datasets for different learning methods. Each cell contains the mean
RMSE =+ one standard deviation obtained via 5-fold cross validation. Lower RMSE 15 better.

Model California Housing |  FICO Score
Linear Regression 0.728 £ 0.015 4344 4+ 0.056
Decision Trees 0.720 + 0.006 4900+ 0.113
NAMs 0.562 + 0.007 3.490 + 0.081
EBMs 0.557 + 0.009 3.512 4+ 0.095
XGBoost (0.532 £ 0.014 3.345 + 0.071
DNNs 0.492 + 0.009 3.324 + 0.092

Agarwal, R.Frosst N., Zhang, X., Caruana, R. and Hinton, G.E., 2020.
Neural additive models: Interpretable machine learning with neural nets.
arXiv preprint arXiv:2004.13912



EBMs: Type of Generalizekdditive Models (GAMS)

T Linear Model:y = fo+ /X1 + foXo + ...+ [ Xy

T Additive Model:y = f1(X1) + fo(x2) + ...+ (X))

1 Additive Model withFraarmwseselimeeatton®g =  ;f;(x) + ;X X))+ i T X7y X5 Xk)
T Full ComplexityModels:y = f (Xg, ...Xp)

T GAMsoriginally developed at Stanfordh late 80's by Hastie &Tibshirani
T But statisticianswere too conservative fitting models: less accuracy and less intelligibility!

T Our contribution is to putEBMs (GAMSs) on modern, machine learning steroids:
TAs machine | ear notsn@g @eoPdrey atwiedea &
T Improved accuracy, intelligibility andeditability
T Released a modern, easyo-use opensource packagehttps://github.com/interpretML/interpret




Algorithm Sketch




lteration feat, feat, feat, feat,



lteration feat, feat, feat, feat,

1 N



lteration feat, feat, feat, feat,



lteration feat, feat, feat, feat,

1 > =T\



lteration feat, feat, feat, feat,

1 2 T N



lteration

feat,

N

res

feat,

N

res

feat,



lteration

feat,

N

res

feat,

N

res

feat,



lteration

feat,

N
N

res

feat,

N

res

feat,



lteration

feat,

feat,

N

res

feat,



lteration

feat,

N
N

res

res

feat,

N

feat,



lteration

feat,

N
N

res

res

feat,

N
N



lteration

feat,

N
N

res

res

res

feat,

res

res

res



lteration

1
2
3
4

feat;

YT

res

res

res

res

feat,

YT

res

res

res

res

feat,

YTy

res

res

res

res

res

res

res

res

feat,

YTy

res

res

res

res



lteration

O N O Ul dhWN —

10,000

feat,

YT YT Y Y

res

res

res

res

res

res

res

res

res

feat,

YT YT Y

res

res

res

res

res

res

res

res

res

feat,

YT Y Y

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

feat,

YT Y Y

res

res

res

res

res

res

res

res

res



lteration

O N O Ul dhWN —

10,000

feat,

YT YT Y Y

¢\

res

res

res

res

res

res

res

res

res

feat,

YT YT Y

res

res

res

res

res

res

res

res

res

feat,

YT Y Y

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

feat,

YT Y Y

res

res

res

res

res

res

res

res

res



lteration

O N O Ul dhWN —

10,000

feat,

res

res

res

res

res

res

res

res

res

feat,

YT YT Y

res

res

res

res

res

res

res

res

res

feat,

YT Y Y

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

feat,

YT Y Y

res

res

res

res

res

res

res

res

res



lteration

O N O Ul dhWN —

10,000

feat,

res

res

res

res

res

res

res

res

res

feat,

YT YT Y

res

res

res

res

res

res

res

res

res

feat,

YT Y Y

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

feat,

YT Y Y

res

res

res

res

res

res

res

res

res



lteration

O N O Ul dhWN —

10,000

feat,

feat,

res

res

res

res

res

res

res

res

res

feat,

YT Y Y

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

feat,

YT Y Y

res

res

res

res

res

res

res

res

res



lteration

O N O Ul dhWN —

10,000

feat,

feat,

res

res

res

res

res

res

res

res

res

feat,

YT Y Y

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

res

feat,

YT Y Y

res

res

res

res

res

res

res

res

res



feat, feat, feat; feat,




How to Fit Pairwise Interactions ?

TFIT MAINS:

T Fit main effects first
1 Freeze the main effects
T Compute residual of main effects to original targets

T FIT PAIRS:

1 There areO(N?) possible pairs-—- dondt want to add that many te
T Use algorithm called FAST to heuristically sort O@Npairs by match to residual

T User selects number of pairs to add to model

T Run same roundrobin boosting algorithm to fit K pairs

¢ Final Model = N Mains + K Pairs
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Final Model: Mains + Select Pairwise Interactions
Main, Main, Main; . Main,,
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Explainable Boosting Machine (EBM) Case Studi
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Case Study 1: Pneumonia Mortality



Pneumonia Datase{collected 198946 Features

Patient-history findings Physical examination findings Laboratory findings Chest X-ray findings
Age (years) Respiration rate (resps/min) Sodium level (mEq/1) Positive chest X-ray
Gender Heart rate (beats/min) Potassium level (mEq/1) Lung infiltrate

A re-admission to the hospital Systolic blood pressure (mmHg) Creatinine level (mg/dl) Pleural effusion
Admitted from a nursing home Temperature (°C) Glucose level (mg/dl) Pneumothorax
Admitted through the ER Altered mental status (disorientation, lethargy, or BUN level (mg/dl) Cavitation/empyema
Has a chronic lung disease coma) Liver function tests (coded only as normal* or Lobe or lung collapse
Has asthma Wheezing abnormal) Chest mass

Has diabetes mellitus Stridor Albumin level (gm/dl)

Has congestive heart failure Heart murmur Hematocrit

Has ischemic heart disease Gastrointestinal bleeding White blood cell count (1000 cells/u1)

Has cerebrovascular disease Percentage bands

Has chronic liver disease Blood pH

Has chronic renal failure Blood pO, (mmHg)

Has history of seizures Blood pCO, (mmHg)

Has cancer

Number of above disease conditions
Pleuritic of chest pain




Age

Asthma

Glucose

Albumin

Blood pH

Respiration

Creatinine

BUN

-0.23

-0.15

+0.18

+0.01

+0.38

+0.21

-0.01

-0.21



