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CONDITIONAL FEATUREIMPORTANCE IDEA"
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RECALL: N PFH

Exampleicletg/ &« x; # e, withui) ~ N(000.0 )wherehgro=e . Xor= % +exare - are highly cg
highly-corfélated (e, ~ (D, 1 ))&z raN(0, 0.01)) and X5 = eaiiky o= g with (0. 1) All nois
e3neereN{Bn1) FAll noise terms|areindependent. Fittinga LMyields

f(x) = 0.3x; — 0.3xz + Xa.

xt x1 Fodlre mparancs joss - maa)

|
Jll Hexbin plot of x;, x> before permuting x; (left), after permuting x, (center), and PFI

Jl scotés (righit) 0% and X3 shoulabe relevant for the predietion f(x) for center). and PHI scores (right

{x lp( ) 0}é803x14’03x:'—80’ the prediction f(x) for {x : IP(x) X 0.3x
- PFI evaliiatesindodel 6n Unrealistic-obs. ot side P} +¥ x; and %/ 'aré cohsideréd elevant
.rnlnunnt
|
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CONDITIONAL FEATURE IMPORTANCE ¢
Conditional feature importance (CFl) for features xs using test data D
Conditional feature importange (GEiLior features s using test data D
® Measure the error with unperturbed features. where 3575 ~ P
*odgegus B rﬁ((%""'PDP%'?H’R“U“‘W%‘!@'“"S RS W0 e
S lp(Xs X_s8
® Repeat permuting the feature/(e.g..-m'times)/and average the difference ofboth
] errors:

: o s|-8
I Here, D55 denotdefilea Eﬂ :\?Rﬂfvg ?p(g; ) Rﬂvﬂp(‘f R)\u:i: ditional on the remaining

IHérg 91 denotes the dataset where features xs where sampled conditional on
ll the remaining features x_s.
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IMPLICATIONS-OF CF (ZITENED

Interpretation: D uete thelconditionalisampling lw.n tvall other featuresi GH. CF1 quaniifies a foad
quantifies-a feature’s unique contributiorotorthecnodel performance.

Imerpretable Machine Leaming ~ 4 /6



IMPLICATIONS-OF CF (ZITENED

Interpretation: D uete thelconditionalisampling lw.n tvall other featuresi GH. CF1 quaniifies a foad
quantifies-a feature’s unique contributiorotorthecnodel performance.

Entangle ment with ‘data:i=
oolf featune x g doesmrconmbutetumquemmmnatmn aboutyyiler, x§ Ly |x_g = 5 C
oChlFOUnder the ditional independence P(x~ ~°,y) =1 v)
o Why? Under meoonmnwlmndependencei?(xrs‘ S.y)w-ﬂr’(m.y]\ n of xs conditional on x

| ~+ no prediction-relevant information is destroyed by permutation of xg
| conditional on x_g
|

Imerpretable Machine Leaming ~ 4 /6



IMPLICATIONS-OF CF (ZITENED

Interpretation: D uete thelconditionalisampling lw.n tvall other featuresi GH. CF1 quaniifies a foad
quantifies-a feature’s unique contributiorotorthecnodel performance.

Entangle ment with ‘datai«
oolf featune x g doesmrconmbutetumquemmmnatmn aboutyyiler, x§ Ly |x_g = 5 C
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I o Why? dnder| meoonmnwhmdependencei?(xrs‘ S.y)w-ﬂr’(m.y]\ n of xs conditional on x
| ~+ no prediction-relevant information is destroyed by permutation of xg
I Ent%?qgm%ﬂ Wit nodel:
_ @ |fthe model does not use a feature C

IEntanglementvmh model. tion is not a bv anv perturbation of the feature

.lnh%mo‘i@'dqe‘iﬂmusea‘eam‘e;?cﬂf er conditional permutation

ll @ Why? Then the prediction is not affected by any perturbanon of the feature
| ~+ model performance does not change after conditional permutation
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IMPLICATIONS OF CFi!

Can we'gainiinsight intoviwhether.2
@) thefeature s, is causalfor'the ipredietion?
oo CFl; i#-0 &-modetréliesion ap(converse does not holdhsee next slidek|ice)
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eoxpisin ot’exploitecttyyxmodel’:(regarmemiotwhemér itds usefubforyior not)y not)

QLC ?QF‘I” | require access to x chie t's prediction performan
o Does thesmodel require acgessto:x; maehtave nwradmuon performance?
20 CEl 1 1hes g contributes uniquesinformation ¢mearing y theymog)e|
¢ Only uncovers the relationships that were exploited by the model
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COMPARISON: PFI AND.CFH!

Exampletcletg/ &« x; # e, withuty « N{000.0)(wherehx re=e X+ % +exare - are highly ca
highly-corrélated (e~ IN(D, 3 ))&z raiN{020.01)) and xs 5. allky o g with( 0. 1) All noise
egreeneN{Bn1) FAllnoise termsiareindependent. Fitting.a LM yields
f(x) = 0.3x; — 0.3x2 + Xa.
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gure: Densi srmuting x; (le d CFI (right)

I Figure: Densny plot for x] ?1 before permutmg x1 (Ieft) PFI and CFI (nght)

= xy and x. are irrelevant for the prediction f(x) for {x : P(x) > 0} as

0.3x —D'3x522F I''e elevant for the prediction f(x) for {x : P(x) as 0.3x 0.3x; 0
= PFI evaliatesinddel on dm‘éalfsﬁh\dbs bmslde]’(x)dxi x5 aré-colisidered c 0 1€ elevant (P
relev&ﬁf(PPl <) be reconstructed from xz and vice versa, Ukl considers x; and xz to be irre elevant

M be irrelevant
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