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Model interpretability

Why is my model making these predictions?

— Drive scientific hypotheses
— Detect bias

— Acceptance

Doshi-Velez and Kim 2017



Global vs local explanations

— Global explanations: How does a specific part of the model affect the predictions?

“part of the model”:
— afeature or set of features
— atraining sample or set of samples

Example: coefficient in a linear model, random forest importance (see next slide)
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Global vs local explanations

— Global explanations: How does a specific part of the model affect the predictions?

“part of the model”:
— afeature or set of features
— atraining sample or set of samples

Example: coefficient in a linear model, random forest importance (see next slide)
— Local explanations: Why does the model make this prediction for a specific instance?

By extension: aggregate local explanations to understand why the model makes these
predictions for the entire dataset (or an entire class
van der Linden, Haned, and Kanoulas 2019

Lipton 2016



Random forest feature importance

— Global explanations

— Mean Decrease in Impurity (feature_importance attribute in sklearn):

Mean decrease in impurity attributed to the feature

Breiman 2001; Louppe 2014
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Random forest feature importance

— Global explanations

— Mean Decrease in Impurity (feature_importance attribute in sklearn):

Mean decrease in impurity attributed to the feature
® Seem to favor numerical features and categorical features with high cardinality

— Permutation importance (inspection.permutation_importance in sklearn):

Decrease in model score when the feature is randomly shuffled in the train set
© (an be used with any model!

® Not robust to correlations between features

Breiman 2001; Louppe 2014
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Outline

Objective: Given

- training data D = {l_"l, yi}izl 77777 ns with ZI?l S Rp,
— amodel f that has been learned on D,
— aninstance ¥ € R?,

find a local explanation for f ()



Outline

Objective: Given

- training data D = {l_"l, yi}izl 77777 ns with fl S Rp,
— amodel f that has been learned on D,
— aninstance ¥ € R?,

find a local explanation for f ()

1. LIME: Local Interpretable Model-agnostic Explanations
2. Shapley values
3. SHAP



LIME: Local Interpretable Model-agnostic Explanations

— Local surrogate model: an interpretable model g € G that approximates the trained model

— Algorithm:
— Generate a labeled data set Z of m perturbed samples:
fori=1,...,m
forj =1,...,p:sample z; from N(p;, 07) 115,07 computed on D
label Z; by f(Z))
— Compute weights w; inversely proportional to ||Z; — &||, w; = W

— Train a model from G on Z, weighting the loss of sample 7 by w;

L& L

argmin — E w L(f(Z), 9(zi) ) + A Q(g)
geg M v v v

true label prediction model complexity

Ribeiro, Singh, and Guestrin 2016



LIME with linear surrogate models

argmin — 3" w,L(£(%), 9(3)) + A Q(g)

m
9€9 i=1

becomes
1 & " 2 -
arg min — Zwi (f(Z) — (B, 271>) + A8

Fere T

1

— Set )\ so as to select a user-defined number of features/explanations.



LIME with linear surrogate models

argmin — S wiL(F(3), 9(3) + A 29)

9€9 i=1

becomes

g

argminiiwi (f(zﬁ) — <§,Z>)2 + A

Fere T !

— Set )\ so as to select a user-defined number of features/explanations.

— Alternatives include decision trees (and then €2(g) is the number of features used + tree depth).



LIME Example 1
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LIME Example 2
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Global explanations from LIME

— Features that explain many different instances are more important

— Given a budget of B instances to look at:

— For visualization: find a subset ) of instances with greater coverage
p
c(V) = le 13ieV:|B§|>0
j=1

Voir aussi van der Linden, Haned, and Kanoulas 2019
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LIME Example
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Advantages and limitations of LIME

© Explanations are relatively human-friendly (few features, use an interpretable model)

©® Variants specific to text and images
® Sensitive to the definition of the neighborhood

® Instable: explanations vary significantly in small neighborhoods)
2018

Alvarez-Melis and Jaakkola
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Shapley values

— In game theory: how to assign payouts to cooperative players depending on their contribution
to the global payout

— game = making a prediction - global payout = (prediction - average prediction)

— players = features — payouts = feature importance

13
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Shapley values

In game theory: how to assign payouts to cooperative players depending on their contribution
to the global payout

— game = making a prediction - global payout = (prediction - average prediction)

— players = features — payouts = feature importance

Shapley value p(j, f, &) of feature j to the prediction f(&): average contribution of a
feature j to the prediction f (&) in different coalitions (= sets of features)

— Contribution of coalition S C {1,...,p}to f(&) =
(average prediction when the features in S are set to their values in & - average prediction)
v(f, % S) = QE[f(Xl, o Xp) | X =@ fork € Sl—I\E[f(Xl, o ,Xp)l

Vv
marginalize over features notin S average prediction

Shapley 1952; Owen and Prieur 2017
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Shapley values

— Contribution of coalition S C {1,...,p}to f(&) =
average prediction when the features in S are set to their values in & - average prediction

O(F.8,.8) =E[f(X.,.... X,)| X, = ayfork € S|~ E[f(X,,..., X,)]

marginalize over features notin S average prediction

— Shapley value (7, f, &) of feature j to the prediction f(&):

I(n — —1\!
o fm =y BB 2 sugh - o 7.9)
SC{LpN\ {7} s

Shapley 1952; Owen and Prieur 2017

14



Properties of Shapley values

— Efficiency: the sum of payouts is the global payout > 7, (5, f, Z) = f(&) — E[f(X)]
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Properties of Shapley values

Efficiency: the sum of payouts is the global payout Z?:l o(j, f, &) = f(&) — E[f(X)]

Symmetry: two features that contribute equally to all possible coalitions should have the same
Shapley value

ifforallS € {1,....p}\ {4, kY, ¥ (F, & SU{j}) = &(f, & S U {k}), then
©(j, &) = ok, f,T)

Dummy: a feature that does not affect predictions has a Shapley value of 0.

Additivity: if the prediction can be decomposed in f = f1 + f5,thenforall j and 7,
(70(]7 f?‘f) - (70(]7 fl?f) + 90(]7 f27f>
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Properties of Shapley values

Efficiency: the sum of payouts is the global payout 3%, ¢ (j, f, &) = f(&) — E[f(X)]

Symmetry: two features that contribute equally to all possible coalitions should have the same
Shapley value

ifforallS € {1,....p}\ {4, kY, ¥ (F, & SU{j}) = &(f, & S U {k}), then
©(j, &) = ok, f,T)

Dummy: a feature that does not affect predictions has a Shapley value of 0.

Additivity: if the prediction can be decomposed in f = f1 + f5,thenforall j and 7,
(70(]7 f?‘f) - (70(]7 fl?f) + 90(]7 f27f>

For random forests, Shapley values are averages of the Shapley values of the individual trees.

Shapley 1952; Owen and Prieur 2017
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Computing Shapley values

o, £, 3) = 3 M(E[‘f(x)\Xk:wk,k’GSU{j}]—E[f(X)‘Xk’:m’“kes})
SC{1,....p N\ {3} ”

— Approximate with Monte-Carlo sampllng "

63, f &) = Zf 7))

Ty = & but with p’ features, except z;, replaced W|th their values in another instance of D

- f’;j & but with p’ features, including = ;, replaced with their values in another instance of D

. ) .
= - - nrj+1| - g

Strumbelj and Kononenko 2014
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Shapley values Example 1

1.0 —~ -
P : ° °
° ° °
O —e__
°, : (1) ,., +
0.8 1 Wt o+
) ° :+ . R
® e
[ ] )
° : ',/ + *
J—
0.6 1 o +
[ ] // 1‘
Y ./. + +,
o 1+ 7
0.4 ° +
° o ¥ + t +
° ¢ ol 4 +
° : i . * +
_ 1T
0.2 . ° ¥H++ +
H ++
e : +
1 +
I+
0.0 T —L T -
0.0 0.2 0.4 0.6 0.8 1.0

SHAP feature importance

N N N} N N ISP
o N NG NG N NN
Global (RF) feature importance
x2
x1

0.0 0.1 0.2 0.3 0.4 0.5 0.6

17



Shapley values Example 2
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Advantages and limitations of Shapley values

Good theoretical properties

Possibility of contrastive explanations - comparing to the average prediction over a certain
subset rather than over all data points

Computationally intensive

Interpretation is less straightforward (“the contribution of x:; to the difference between the
actual prediction and the average prediction”)

Need access to D (unless you can draw realistic values for 7,1 = 1, ..., m)

19



SHAP: SHapley Additive exPlanations

— LIME: look for a simple model ¢ that approximates f in a neighborhood of &

argmln— w; L ) +AQ
scg |Z] ¢ Z %) 2

20



SHAP: SHapley Additive exPlanations

— LIME: look for a simple model ¢ that approximates f in a neighborhood of &

abrgmln|z|2:wZ Zi),9(Z)) + A Q(g)

9€9 ZiEZ
Set
— 2 = {vectors of R” obtained by setting some of the features of & to 0}
- w; = (1) ||Z]|, = Sz = number of non-zero entries of 2

ERIEIT A
L(f(2),9(2)) = (E[f (X)| Xk = 2y for k € 8] — g(2))*

- Q(g)=0

= 9(2) = ¥ es. () + ¢o() (g is additive)
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SHAP: SHapley Additive exPlanations

— LIME: look for a simple model ¢ that approximates f in a neighborhood of &

argm1n|z|2wz Zi),9(Z)) + A Q(g)

9€9 ZiEZ
Set
— 2 = {vectors of R” obtained by setting some of the features of & to 0}
- w; = (1) ||Z]|, = Sz = number of non-zero entries of 2

(ERIECIETS

L(f(2),9(2) = (E[f(X)| Xk = @y for k € Sz] — g(2))?
Q(g) =0

9(2) = X jes. 65(E) + ¢0() (g is additive)
Then ¢; (%) coincides with the Shapley value ¢ (7, f, &)
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SHAP: SHapley Additive exPlanations

— LIME: look for a simple model ¢ that approximates f in a neighborhood of &

arg min —- |Z| sz Z),9(Z)) + A Qg)

Set
— 2 = {vectors of R” obtained by setting some of the features of & to 0}
- w; = (1) ||Z]|, = Sz = number of non-zero entries of 2

(ERIECIETS

L(f(2),9(2) = (E[f(X)| Xk = @y for k € Sz] — g(2))?
Q(g) =0

9(2) = X jes. 05(L) + ¢o(T) (g is additive)
Then ¢; (%) coincides with the Shapley value ¢ (7, f, &) LIME+kernelSHAP
Lundberg and Lee 2017
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SHAP: SHapley Additive exPlanations

— SHAP explanations: surrogate models built additively from Shapley values

p
g(2) = Z 1z20 ¢(J, f, &) + o Wwhere Z'is & with some features at 0.
j=1

21



SHAP: SHapley Additive exPlanations

— SHAP explanations: surrogate models built additively from Shapley values

p
g(2) = Z 1z20 ¢(J, f, &) + o Wwhere Z'is & with some features at 0.

J=1

— Recall the efficiency property of Shapley values: > -7, ¢(j, f, &) = f(Z
Hence if no feature is set to 0, g and f coincide, with oy = E[f(X)]

) — E[f(X)]
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SHAP: SHapley Additive exPlanations

— SHAP explanations: surrogate models built additively from Shapley values

p
g(2) = Z 1z20 ¢(J, f, &) + o Wwhere Z'is & with some features at 0.
j=1

— Recall the efficiency property of Shapley values: > 27, ¢(j, f, ) = f(Z) — E[f(X)]

Hence if no feature is set to 0, g and f coincide, with oy = E[f(X)]

— Interpretation:

- With no information the prediction is E[ f (X )]
— Eachfeature j adds E[f(X)|X; = «;]
- (4, f, &) averages this contribution over all possible orderings of the features
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Global SHAP explainer
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Advantages and limitations of Shapley values

Good theoretical properties

Computationally intensive

but not for tree-based models! (see TreeSHAP)
Ignores dependence between features

but not for tree-based models! (see TreeSHAP)

Need access to D (unless you can draw realistic values for &, 1 = 1, . ..

but not for tree-based models! (see TreeSHAP)
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Conclusion

— LIME and SHAP provide model-agnostic, local explanations
— SHAP enjoys nice theoretical properties but is slower (except for tree-based models)

— SHAP is more stable than LIME but neither is very robust for non-linear model
Alvarez-Melis and Jaakkola 2018; Lakkaraju, Arsov, and Bastani 2020
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Conclusion

LIME and SHAP provide model-agnostic, local explanations
SHAP enjoys nice theoretical properties but is slower (except for tree-based models)

SHAP is more stable than LIME but neither is very robust for non-linear model
Alvarez-Melis and Jaakkola 2018; Lakkaraju, Arsov, and Bastani 2020

Minimal sufficient subsets
Chen et al. 2018; Camburu et al. 2021

How do you evaluate interpretability?
Robnik-gikonja and Bohanec 2018; Molnar, Casalicchio, and Bischl 2019

Statistical significance? Causality?
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