interpretable Machine Learning
Pitfalls and Best Practices
’I Learning goals
\' @ _General pittalls of interpretation metheds

@ _Practices to avoid pitfalls
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ISSUES OF INIL MODEL @z

@ Properitraining -andevaluation: Togain insights into DGPF, deployed madel-
should generalize well to inseen-datal(garbageninugarbagelout)arbage in. garbage
ut)
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ISSUES OF INIL MODEL @z

@ 'Proper training -and-evaluation: To gain insights into DGR, deployed madel -

should generalize well to inseen-datal(garbageninugarbagelout)arbage in. garbage
Example: Xi, Xo, X3 ~ Unif(—3,3) with ¥ = X? + Xo —5X, X2 +¢€, ¢ ~ N(0,5)
[Figure!-P DProf DGR (true effect )y linear regression model (underfitted), random

forest(overfitted), and SVM with, radial basig kernel (goad fit)gure: PDPs for the DGR
and for a linear re gressiogy modet (undggfitted) a rangom forest (overfitted) and a
supporgvector maghine with radial basis kerngl (good fit)
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» Awid unnecessary complexity: Prefer simple interpretable models and use .

them-as baseline, move to more complex models if performance not sufficient
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ISSUES OF IML METHOD @ZErmE=I

@ (Considerdependencies: Some interpretation methods-have issues inicase of-
dependent features
~ (O heck presenceof dependencies-and use suitable interpretation methods
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@ (Considerdependencies: Some interpretation methods-have issues inicase of-
dependent features

~ (O heck presenceof dependencies-and use suitable interpretation methods
[Exampte:'Explanations may rely on unreliable pred. where model extrapolated
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ISSUES OF IML METHOD
‘e ‘Consider dependencies: Some interpretation methods have igsiues in'case of -
dependent features
- 'Check presénce of dépehdencies and tise stitable interprétation methods
fxampfe Explanéhoris may rely on unreliable pred. where model extrapolated
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‘@ 'Beware of simplifications: Mappingofcom oo
rcomplex models todowtdimiexplanations
~[nformation loss, e(g...some! interpretation
rmethods|hide interactions orheterogeneous CE
(effects)(Figure: PDP and ICE Curves)
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INTERPRETATIONS WITH DEPENDENT FEATURES
ETHOD

@ Highly correlated features contain similar information

o Gudiodel mightipickonly 4 feata(regularization).cevenif it isicausally irrelevant
~Produced explanations.can be misleading {true tormodel, but not to data)
~+ E.g., different interpretable models produce different results
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INTERPRETATIONS WITH DEPENDENT FEATURES
ETHOD
@ Highly correlated features contain similar information
o Gadviodelmightipick only 4 feat: (regularization)..evenif it isicausally irrelevant
~Produced explanations.can be misleading {true tormodel, but not to data)
~x-Egledifferentinterpretablecmodels produce different results) fited models in right
o ([Example: Simulate 100 obs. from DGP Y = 0.2(X; +-- -+ Xs) +¢€.e ~ N(0,1)
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Lasso / lambda Ridge / lambea

Xy, X4 ~ N(0,2) (uncorrelated)

Xs = Xq + 6,8 ~ N(0,0.3) = p(Xa, Xs) = 0.98 (highly correlated)
LASSO: Shrinks coef. of Xs to zero, coef. of X; about 1.5x higher
Ridge: Similar coef. for X; and Xs for higher lambda
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EXTRAPOLATION DUETQ DEPENDENCIES
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@ Many interpretation methods are based on artificially created data points
~+ Many points lie inlow-density regions if features are dependent
~-+ Predictions in such regions have high uncertainty

o Larghiplanations 'san be biased ifthey vely on pred. where miodel extrapolated "
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