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LOTCO) D
» Tibshirani (2018)

LOCO idea: Remove the feature from the dataset, refit the model on the reduced dataset
LOCO. idea;. 83“*0"9 ?‘3 featyre from. mdataset rrefitthe, WOHIW reducedaic dataset
dataset, and measure the loss in performance compared to the model fitted on the
complete dataset.
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LOCO idea: Remove the feature from the dataset. refit the model on the reduced datase
LOCO.idea Remave, the/feature from the datasel. refit the modelon the reduced..ic

dataset, and measure the loss in performance compared to the model fitted on the

%Eﬂﬁ}ﬁgﬂ‘@s‘?‘m training and test datasets D D D, some X and a model f

hen LOCO for a feature j 1 p} can be computed as follow
De@nt;’ C{i{lven raining andttest datase}s Dn,o a1 & D, some s and amodel
,,a,,) 1Fhen LOCO Tor a fedtire je p can becompuied as follows: ~

il © learn model on dataset Dyqn where feature x; was removed. i.e.
7 = Z(Duan))

Ierpretable Machine Leaming - 1/5



LOTCO) D
» Tibshirani (2018)

LOCO idea: Remove the feature from the dataset, refit the model on the reduced datase
LOCO idea:. Bemow lpe feature from the dataset refit the nmmonm reduced. ;-
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hen LOCO for a feature j 1 can be computed as follow

De@nt;’ C{inven rammg and test datase}s D, D st t D some I and a modeI
,,an) urhen LOCO for a fedtire jed

&learwmwev  dAfdSet D L, -,wneré featlife’s w g ré?nb\}é&m. e
f_T,— I(Diam _}) (X_7) f(x+7) ‘m D
© compute the difference in local Ly loss for each element in Digy, €.
I A = }ym - ?_,(xy])} - } y — ?(xtll)} With i € Dyg
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LOCQ idea: Remave the feature, from the, dataset. refit the, modelon the reduced..ic

dataset, and measure the loss in performance compared to the model fitted on the ‘

%EHH?%GQ“’#‘?M training and test datasets D D DD.some L and a model f
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De@nt;’ leen rammg andttest datase}s Dn,q s & CD, some s and a model 7(D
,,an)mfhen LOCO Tor a fedtire je . p can becompuied as follows: '
&learwmwei'on Yatase DL -,Wheréfeam}e % w Feoed, e 2
14= T(Dhgn )11 i(x)| with i € D
@) compute mg«ﬁgrgm;e inlocal &yt 1oss forgach element in Dieq, ie.
Al - }ytl (xY } }yn xtl)}w.m i € Dig

il © yield the importance score LOCO; = med (4))
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LOCO.idear Remave the feature, rom ihe,datasel. feft the; model on the seduced. -
dataset, and measure the loss in performance compared to the model fitted on the
%Eﬂﬁmé?ﬁtaﬁ-‘ﬁw training and test datasets D D D, some X and a model f

hen LOCO or a feature | 1 p} can be computed as follow

De@nt%menven rammg and test datase D,w Diesy c D, some z and amodel
1ran)

"Frien LOCO Tor afeatire’j & {1, j‘i) can becompuied as follows:
&learwmwen'om datasei DL, wier & featiifes Was ramwéa, Pesi-e
f*"—I(Diam ~}) \X=5) y x) ‘]" “ ‘

@) compute maﬂ«ﬁarance inlocal Lyloss forgach glement in Dy, ie.
Al - }ym — (! )} }yu (xtl)}wnme Dies
I ©-cyieldithe importance scorei.OOO:,x&Medz{A,v)m:i ns and aggregations. If we use mean instead of
Bl median we can rewrite LOCC as

IThe method can be generallzed to other loss functions and aggregatlons If we use
mean instead of median we can rewrite' LOCO aé

LOCO; =R (N} — R ()
TvempUT=77/ TvempT/®
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Figure: A random forest with default hyperparameters was fit on 70 % of the bike
Jll sharing data (training set) to optimize MSE. Then LOCOwas computed for all

] features on the test data: The temperature.is the most important feature: Witheut. <40

jata (training

.300955 totemipe thesMSE increases by approx, k40{Q00! icatures on the test data. The temperature is the
. most important feature. Without a s to temp. the MSE increases by approx. 140, 00C
_|
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INTERPRETATION CFLOCO)

Interpretation: LOCO estimates the! generalizatianerror of-the'learneron-a redaced
dataset D_;.

Can we get insight into whether the
Camwe.gel, P"S‘Qm 'm‘? Whetheﬂ theradic
o feature| x; is.causal forihe, prediction )’,‘? refit the model (counterexample on the next slide)

O =:Ingeneral; no also.becausewe refit the mogdel (counterexample on the
nexts“de) 1|, n ounterexample on the next slide)

Q)fe%tute g contains. prednctlon relevam mtprmgtﬁpng,.], N DBTTorMance
* Jngenacalop (ooniersarmie on the ae sids) i

jearner requires access 10 x
© model requires access to x; to achieve its prediction performance?
e Approximately. it provides insight into whether the learner requires access
to x;
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INTERPRETATION CFLOCO)

mple:. Sample, 1000 obseryations with .
9, Xy, X3~ N(0.5))
8, xp = Xy + 2 Withiee ~ N(Qs0,1) 1)
9, y, = Xa+ Xat € with g~ N(0,2) o)

F Fifitaa HMyiefds,s
(x)

002 1.02% 4+ 205% 1098
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INTERPRETATION QF LOCO»
le:. Sample, 1000 observations with,

C

8, Xy, X3~ N(Q5) j ¢ ods oBs ose @ .

@, Xp = Xy + €2 Withiep ~ N(Q}.:QJ) 1) a -epa -aus (@) oBe :l

9, V= Xa+ Xzt € Withig,~ N(O’Q) 2) c B @ -wa b nlo

Fitting a LM yields .. 02x 2.05x, +0.8,® "® -
(x) = —0.02 - 1. 02X| +205X2+098X3 &P A

p: Correlation ma g: e r ¢
gp C?{“ia‘\"“ ﬁ‘""ﬁ LM fitted on \ta COMPIEET % ¥ & 9%

ttam: IjQQQ‘mporlanpg olp}dmted on 70% of the data importance

mputed on 30% remaining observations
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- we'Edriridt e {) from LOE0 (e'g LOCOS S 0 but BéficieHt of ¥} & 208) >
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— We'crifdt infér {1 froff LOEO (&g LO(‘:O2 &0 but coetficient of x; i€ 2:08) )
— We'aI80 Cart infér ©2).e.o Cor %, ) ¥ 0.68 but LOCO; = ‘
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ttom: IjQQQ‘mporlanC-ﬁ Dlp}dmted on 70% of the data - impartance
mputed on 30% remaining observations

— We'crifdt infér {1 froff LOEO (&g Loé‘:o2 0 but coérficieht of x; i€ 2:08)~ U~
:>We 2180 Cart infer 2), e.g; Cor(x2 y) 0.68 but LOCO; <0 | -
— WE'Gdri get insight’ iftd'13)! % dnd' ¥ hi H&'é&retdfe& With LOce; ““Locos ~'

% and %, take'Bdeh ofheri place it one of s € 1efEBUt Tnot the'case fé)r xGY

,: =9

Imerpretable Machine Leaming - 4 /5



PROS AND CONS-

Pros=
eoRequires: (only?) ‘onerrefitting step’ penfeaturs for evaluatior fion
eoEasy tolimplement n
eoTesting framework availablein
eoDoes: notproviderinsightiintoraspecific moded. bt ratheriade armer orea specificeciiic dataset
Odgw\ training 1Is a random process, so estimates can be noisy (which is problematic for
@ Modeldrainingis /arandom process, so estimates can be noisy (which is
oProblematic for: inference about medel.and;data) - computationally intensive compared to P
® Requires re-fitting the learner for each feature — computationally intensive
compared to PFI
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