Interpretable Machine Learning:

Introductiomto loss-based feature importance
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MOTIVATION!

eoFeature effects deseribelthe relationship lof features x-with the: prediction yion |
e orequires: oneplot pepfeature re
e vdoes not takethe true target y intoraccount
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MOTIVATION!

eoFeature effects deseribelthe relationship lof features x-with the: prediction yion |
e orequires:one plot pepfeature e
e vdoes not takethe true target y intoraccount
eoFeature importancecnethods quantify the televance of featuresiwa . predictioniction pe
perfarmance: nsed to one number per feature
e scondensed teone number penfeatarep
o N-Bprpwqies ms'ghl lnto tb?,{planqnﬁhmwwlihy, (8 cribe loss-b 0 feature importance
@ NuB:iHere, weluseithesterm featuresimportancerto descnbe lossH basenm teatune .
importance methods: incthe literature; you'may find othermnotions of Heatire
importance” (e.g., variance-based methods derived from feature effect methods,

RILRTNY » Greenwell et & 2020) ]
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EXAMPLE-

Feature importance offers:condensed isummany of feat. irelevanee wi.r.t: performance/ 1. |

o “Fit taidiom Torest on biké ‘shating data™

° Left Feature rm‘bortance rankmg by permutation feature importance (PFI)

° Rrght Feature eﬁects toraII features
I
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FEATURE IMPORTANCE SCHEME-

Loss-based featare importarice: methedsare often’based ontwo concepts:cpis

@ Perturbation/Removalz |-
Generate! predictionsfor'whichitie: featare of-intenest has beemperturbed ar=c or removed
Qremoevednance Comparison:
il © Performance:Comparison:cer perturbation/removal with the original model performance
| Compare performance under perturbation/removal with the original model
I De ;P‘%”‘afmaﬁ“’% e type of perturbation/removal, feature importance methods provide insight into
J] different aspects of model and data

Jll Depending on the type of perturbation/removal, feature importance methods provide
Jlinsight into different aspects of model and data.
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POTENTIAL INTERPRETATION GOALS®

Feature importance methads pravideicendensed insights) but can only highlighthlight certain asg
centaire aspects of model-and: data:  There!are differentinterpretatiorugo als one might' 10 whos

befinterested in whosequestion of interest da-not necessarily coingide (except for
special cases).
or example, one ma interested in getting insight into whether the
I Fomxamp[q -one may, ba ;mqrqa&edx ingetting insight into whether the ..
| (1hyfeature x s causalfopthe;prediction?. 1 information about )
I (2 feature ) contains, prediction:relevant infermation about ¥2. o mance
Jl (3) model requires access to x; to achieve it's prediction performance?
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Feature importance methods pravide cendensed insights)but can only highlightlioht certain
centaire aspects of model-and: data:  There!are differentinterpretatiorugo als one might' 10 whos
befinterested in whosequestion of intérestda-not necessarily coingide (except for
special cases).
or example, one may be interested in getting insight into whether the
I For example..one may, be interested, ingetting insight into whether the ...
(1) feature.x is causalfor the prediclion?. .., oioct on prediction |
I « ;Changing feature value xhas an effect on prediction-ji-+-f{x)
o olmlviz non-zera-coefficientinchMiucpresent featunereffect ground truth v e g
I o Note: If x; is.causal forprediction . +-causal for the ground truth ¥ .9 <

| o A disease-symptom mambe used in a model to predict disease status
| o~Boausalforpredistiong? ase symptom does not have an effect on the disease
| » Butintervening onrdisease aymptom does not have an effect on the
feature dlsetas% elevant information about |
~= not causal for the ground truth Y
(3) mo qQuire ItS preaiction 2rrorman
(2) feature x, contams predtctton relevant mformatton about y’7

. . o eove s provkcl .
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EXAMPLE: CAUSAL FOR THE PREDICTION(1))

A feature may be causal for the

prediction § (1) without containing

prediction<etevantdinfermation the prec
. abeubgu@pontaining prediction-relevant
Examples: averfitting due noisy
fealu.res:"u‘ S overting aue noiIsy features
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EXAMPLE: CAUSAL FOR THE PREDICTION(1))

A feature may be causal for the
prediction § (1) without containing
prediction<etevantdinfermation the prec
. abetbg@fontaining prediction-relevant
| Examples: overfitting due noisy
, fedluresples: overfitting due noisy features
E @ All features used by the
! danodelare efdnterestyy the model are of interest
~ @ dHeterModeluses feature i noise although i
T naiseAlthough it doesnetiion relevant

containpredictionrelevant:s |oyel)

infarmation about y(data | .

lev?p'u es which are deemed relevant
=» Oveditted-modelsimay use ata |evel)

many noise features which

are deemed relevant on

model level (but not on data

level)
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POTENTIAL INTERPRETATION GOALS®

Feature importance methads pravideicendensed insights) but can only highlighthlight certain asg
centaire aspects of model-and: data:  There!are differentinterpretatiorugo als one might' 10 whos
befinterested in whosequestion of intérestda-not necessarily coingide (except for
special cases).

Ol ample, one ma interested in getting insight into whether the
I Fomxamplq one may, be pmqrq&ted, ingetting insight into whether the ..
ﬂb;"ﬁ% X Is causalforthe prediction?. . i iormation about |

(2) featurerx; contains prediction-relevant information about ¥?itional expectation) wrt performance
I esFeature X/ helps| mrpredicnhmafgety (elquyeanditional expectatiom)wiritsince [ v » £
| petrformanceo prediction-relevant information
I (3) Ay \.JJﬁmmepeeqenmhewandyhav‘# 2610 mutualinformation (since
Elylx] = E[y])
B ~+ x; has no prediction-relevant information
Jl (3) model requires access to x; to achieve it's prediction performance?
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EXAMPLE: CONTAINS PREDICTIONRELEVANT! INFORMATION (2)
INFORMATION (2)

A feature may contain
W predlcnoh’re(é\zantiﬁforH\atfon (@yon-rela
~  withdut CaliSing thé prédictich’ (‘i‘)
| Examplés Aindérifting model ‘”“ i “ L
. multiplicity

data level modgel level

Ierpretable Machine Leaming - 7/9



EXAMPLE: CONTAINS PREDICTION-RELEVANT' [N FORMATION (2)

INFORMATION (2)

data level

A feature may contain
prédiction refé\ant irifoanatfon (@yon-rela
without CaliSing thé predictioh’ (‘i‘)
Examplés Ainderfifiing moder ™' M i “ .
multiplicity

@ All prediction-relevant features fo

o All'prediction-relevant

features for y/dréotlinteregta ! are directly

o Exampi: Alf atures that e o2
aré diréctlyor indirectly (i e.
via-another ha(ure) Is may ignore
connected to yelev: features such as

= Undéﬁhtéd"m&;&éfé may
ignore prediction-relevant
features such as contacts
here
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POTENTIAL INTERPRETATION GOALS®

Feature importance methads pravideicendensed insights) but can only highlighthlight certain asg
centaire aspects of model-and: data:  There!are differentinterpretatiorugo als one might' 10 whos
befinterested in whosequestion of intérestda-not necessarily coingide (except for
special cases).
Ol ample, one ma interested in getting insight into whether the
Fomxamplq one may, be pmqrq&ted, ingetting insight into whether the ..
(1)) feature x is causalforthe prediction?. . i\ mation about
(2} feature x cantains, prediction-relevant infermationabout Y2 o1 mance
(3) model requires aceessdoxte achieve its prediction performance? compared to using only
soFeature X helpsita predictthe targel y wrt. perfbrmance. compared to
usingonly*)m; ot contribute unique prediction-relevant information about )
-olfNpm&:;Axm;"(independeht)'menfiﬁ[yexé B E[yfx,-. veplaced with others, e.g., a random
~+0xp does motocontributetunique prediction-relevant information labout y where x, was not
+ NoterAmodel mayrety onfeaturesithat can be replaced with others, e.g..
a random forest fitted on data with I£[y|x ] # I£[y] and
E[ylx] = E[y|xs, x2] where x; was not used as split variable may rely on

¥
Az
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EXAMPLE: UNIQUE PREDICTION RELEVANT [NFORMATION (9)
INFORMATION (3)

Afeature ma oontam tion-reles
o predlctlon re evant mf rman n ! ‘,, 7'_," |
> cn! (2). wdHout th model requmn
mal)

access 10 the eature for opﬁmaf)
préd’cndh pérformaTce (3)
Examplés- correlated features, =~ ©0"ounaing

confounding

data level modgel level
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EXAMPLE: UNIQUE PREDICTION RELEVANT! INFORMATION
INFORMATION (3)

Afgature ma oontam fiction-relen
o predlctlon re evant mf rmah n ) ‘ |
»(cnt (2)” wdHout the mode! requmn e 2
access 1o thefeature for opﬁmaf)m ) prediy
préd’cndH pérformance (3) S
Examples: “Correlated features. &% confounding
confounding
@ All unique prediction-relevant features fc
o AlUnique "
Prediction-relevantfeatures ' are directly
for'y’ aré of interest
o Example: Allfeatures that=< may be correlated
aré‘Uirééﬂy connected to'ys CIrectly connecied
= trust and vaccinate (i may
be correlated but only
data level model level vaccinated is directly

connected to y
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