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Abstract

The growing demand for transparency, interpretability, and explainability of machine learning 1
and Al systems has fueled the development of methods aimed at understanding the properti
behavior of such models (XAI). Since different methods answer different explainability questior
crucial to understand the kind of explanation the different XAI-methods provide, and in what sitt
they should be used. We introduce eXplego, an interactive tree-structured tool designed to
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Fig. 30. The evolution of the total number of publications on XAI over time. The dotted lines show the trend over the previous three years using a moving average. These statistics
were retrieved from the Scopus database in June 2022.



IEEE Access

Mulidispinary  Rapd Review ; Open Access ournal

Received August 5, 2018, accepted September 4, 2018, date of publication September 17, 2018, date of current version October 12, 2018.

Digital Object Identifier 10.1109/ACCESS.2018.2870052

Peeking Inside the Black-Box: A Survey on
Explainable Artificial Intelligence (XAI)

AMINA ADADI

AND MOHAMMED BERRADA

Computer and Interdisciplinary Physics Laboratory, Sidi Mohammed Ben Abdellah University, Fez 30050, Morocco

Corresponding author: Amina Adadi (amina.adadi@gmail.com)

: ABSTRACT
adoption of arl
more algorithr
use of Al-base
allows powerf
explainable A
Al-based syst¢
disruption. Th
aspects of the !
we review the
major researck

Artificial Intelligence 298 (2021) 103502

Contents lists available at ScienceDirect
Artificial Intelligence

www.elsevier.com/locate/artint

ELSEVIER

Explaining individual predictions when features are
dependent: More accurate approximations to Shapley

Kjersti Aas*, Martin Jullum, Anders Lgland

Norwegian Computing Center, P.O. Box 114, Blindern, N-0314 Oslo, Norway

ARTICLE INFO ABSTRACT

Article history:

Received 3 October 2019

Received in revised form 5 January 2021
Accepted 29 March 2021

Available online 31 March 2021

Explaining complex or seemingly simple machine lear
problem. We want to explain individual predictions f
interpretable explanations. Shapley value is a game t
this purpose. The Shapley value framework has a seri
and can in principle handle any predictive model
efficient approximation to Shapley values in higher d
methods, this approach assumes that the features ai
currently suffer from inclusion of unrealistic data in¢
the explanations may be very misleading. This is
model is used for predictions. In this paper, we 1
handle denendent features. We nrovide several exam

Keywords:

Feature attribution
Shapley values
Kernel SHAP
Dependence

BigInsight

<« BACK TO ALL EVENTS

EXPLAINING Al
SEMINAR: RICH
CARUANA
(MICROSOFT
RESEARCH)

Thursday, March 23, 2023
09:00 - 10:00

Speaker: Rich Caruana (Microsoft Research)
Location: Click here to join the meeting (Microsoft Teams)

Title: Friends Don't Let Friends Deploy Black-Box Models: The
Importance of Intelligibility in Machine Learning

Abstract: In machine learning often tradeoffs must be made
between accuracy and intelligibility: the most accurate models
usually are not very intelligible, and the most intelligible models
usually are less accurate. This can limit the accuracy of models
that can safely be deployed in mission-critical applications such as
healthcare where being able to understand, validate, edit, and

trust models is important. EBMs (Explainable Boosting Machines)
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eXplego

Explainability is key requisite for trustworthy Al, but selecting the right XAl-method to accompany your model
development can be a challenging task. eXplego is a decision tree toolkit that provides developers with interactive
guidance to help select an appropriate XAl-method for their particular use case.

This is a collaborative project between Norsk Regnesentral and the Norwegian Labour and Welfare Administration
(NAV), funded by Biglnsight.
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Conditional Shapley values

Short method description: Uses Shapley values
from game theory to decompose the prediction
outcome onto the different features. Uses
conditional expectation to measure feature
contribution, and obeys the data distribution when
estimating these.

Interpretation: The Shapley value of a feature
says (roughly!) how of the prediction changed due
to the feature being observed.

Software: shapr (R)

Original paper: Aas et al. (2021)

Other resources: Sec 5.1 of review paper by
Chen et al. (2022) describing the difference

between conditional and marginal Shapley values.

Nice to know:

- Estimation of the conditional expectations
measuring the feature contribution is a research
topic on its own. For continuous unimodal data,
we recommend the Gaussian or "empirical"
approach, for mixed data we recommend the
ctree approach.
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Explaining complex or seemingly simple machine learning models is an important practical
problem. We want to explain individual predictions from such models by learning simple,
interpretable explanations. Shapley value is a game theoretic concept that can be used for
this purpose. The Shapley value framework has a series of desirable theoretical properties,
and can in principle handle any predictive model. Kernel SHAP is a computationally
efficient approximation to Shapley values in higher dimensions. Like several other existing
methods, this approach assumes that the features are independent. Since Shapley values
currently suffer from inclusion of unrealistic data instances when features are correlated,
the explanations may be very misleading. This is the case even if a simple linear
model is used for predictions. In this paper, we extend the Kernel SHAP method to
handle denendent features. We nrovide several examnles of linear and non-linear models
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kontrafaktiske

Shapley-verdier forklaringer

Jeg vil forklare Jeg vil forklare
prediksjonen. beslutningen.



(Vy)

-

Q
O
Am'ﬁ-‘

# of accidents = 3 -{
Gender = Woman =

none =

Feature

Age =55 =
Type of car = Buick =

Time since registration = 3.2

Gender = Man =

none =

Type of car = Porsche =
Age=30 =

Time since registration = 1.5 =

#of accidents =1 =

max
std

inn_mean
inn_max

EEE EEER
HEEE BEE m»

inn_std
inn_cv
kk_mean
kk_min
kk_max
kk_std
kk_cv
sk_mean
sk_min
sk_max
sk_std
sk_cv

sum_mean . [ |

sum_min [ |

sum_max il [

[

!

inn_std
inn_cv
kk_min
kk_std
kk cv
sk_mean
sk_std
sk _cv
sum_min

[ | . sum_me:

[ |
B sum_ma

[T [ | .. [ sum_std

—

tr_max
tr_std

cv
inn_mean

inn_max
kk _mean
kk_max
sk_min

sk_max

sum_cv
tr_mean

sum_std | g .. ... .

sum_cv
tr_mean
tr_max
tr_std
tr_cv

Fig. 7. Kendall’'s T correlation matrix for the real data set.
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Hvordan jobbe med
forklarbarhet i
produktutviklingen?
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Sannsynlig friskmelding om 14 uker og 2 dager + 7 dager @

Sannsynlig friskmelding

15.01 18.03 17.04 01.05 12.09.2020
Frist dialogmete 2 Maksdato
Dette trekker varigheten opp Dette trekker varigheten ned
1. Sykmeldingsgrad 1. Diagnose
2. Bosted 2. Lege
3. Yrke 3. Alder
o"
Detaljert informasjon ~ Hvorfor det? lkke

det jeg ville
Om faktorene

vektlagt...”

Sykmeldingsgrad
- graden som brukes i sykmeldingen ved uke 17

Saksbehandler - gjennomsnittlig sykmeldingsgrad fram til uke 17
- forholdet mellom sykmeldingsgraden i siste og nest siste sykmelding
Grupperte bosted
Shapley- - kommunenummer
Verdier - gjennomsnittlig lengde pa sykefravaer for innbyggerne i kommunen
- arbeidsledighet i kommunen maneden fer personen har vaert sykmeldt i 17 uker
1 NAV

Yrke



Juristen

1 Forutberegnelighet
1 Saklighet

1 Kontradiksjon

1 Offentlighet

(4

En gjennomgang av noen utvalgte lokale forklaringsmetoder
for komplekse modeller, herunder approksimasjoner og
kontrafaktiske forklaringer, tyder pa at slike metoder ikke
tilfredsstiller forvaltningslovens krav til begrunnelse. Det tilsier
at enklere og mer forklarbare modeller bgr velges i

automatiserte avgjgrelser.
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Bruk XAl. Bruk eXplego! Design rundt kontekst Tverrfaglighet
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