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Ethics, Fairness and Discrimination |
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Discriminating algorithms: 5
times Al showed prejudice

Artificial intelligence is supposed to make life easier for us all - but it is
also prone to amplify sexist and racist biases from the real world
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Dingo genome suggests
Australian icon not
descended from domestic
dogs

How Minecraftis helping
children with autism make
new friends

Athird of people aged
over 70 are sexually
active, survey reveals

Harmful air pollution now
affects 99 per cent of
everyone on Earth
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exhibition shows Edward
Snowden's smashed
drives
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How We Analyzed the COMPAS
Recidivism Algorithm

by Jeff Larson, Surya Mattu, Lauren Kirchner and Julia Angwin
May 23,2016

«Read the st

Across the nation, judges, probation and parole officers are increasingly using
algorithms to assess a criminal defendant’s likelihood of becoming a recidivist - a
term used to describe criminals who re-offend. There are dozens of these risk
assessment algorithms in use. Many states have built their own assessments, and
several academics have written tools. There are also two leading nationwide tools
offered by commercial vendors.

We set out to assess one of the commercial tools made by Northpointe, Inc. to
discover the underlying accuracy of their recidivism algorithm and to test

whether the algorithm was biased against certain groups.
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Machine Bias

There's software used across the country to predict future
criminals. And it's bia: gainst blacks.

by Julia Angwin, Jeff Larson, Surya M

Ma

nd Lauren Kirchner, ProPublica

ON A SPRING AFTERNOON IN 2014, Brisha Borden was
running late to pick up her god-sister from school when she
spotted an unlocked kid's blue Huffy bicycle and a silver Razor
scooter. Borden and a friend grabbed the bike and scooter and

tried to ride them down the street in the Fort Lauderdale

suburb of Coral Sprin

Ethics, Fairness and Discrimination |l

KE ACTION

&

INSURANCE PRICING 73
PRACTICES

PUBLIC CRITICISM OF fwy
y

A2015 Study by the Consumer Federation of
America (CFA) claimed that ‘on average, a good
driver in a predominantly African American
Community will pay considerably more for state-
mandated auto insurance coverage than a
similarty situated driver in a predominantly White
community.”

An analysis by ProPublica and Consumer
Reports in 2017 drew a similar conclusion,
stating that ‘this disparity may amount to a
subller form of rediining, a term that traditionaly.
refers to denial of services or products to
minority areas.” While there were
methodological flaws i the analysis, the article.
raised a number of questions about whether
insurance rates were biased against minorites.
RACE AND INSURANCE

CONGRESS TARGETS DISCRIMINATION IN

AUTO INSURANCE

HR. 1756: A
hi d the it it

consumer creditinformation in auto insurance decision-making but did not receive a
vote in the 116th Congress.

H.R. 3693: Prohibit Auto Insurance Discrimination Act
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/Automated discrimination:
Facebook uses gross stereotypes
to optimize ad delivery

by Nicolas Kayser

An experiment by AlgorithmWatch shows that online

platforms optimize ad delivery in discriminatory ways.
Advertisers who use them could be breaking the law.

STORY 18 OCTOBER 2020 ~ AUF DEUTSCH LESEN

#DISCRIMINATION #FACEBOOK #GENDER #PUBLICSPHERE
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Ethics, Fairness and Discrimination Ill
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Ethics, Fairness and Discrimination IV

» “at the core of insurance business lies discrimination between risky and non-risky
insureds”, Avraham (2017)

» “Technology is neither good nor bad; nor is it neutral " , Kranzberg (1986)

» “Machine learning won't give you anything like gender neutrality ‘for free’ that
you didn’t explicitely ask for ", Kearns and Roth (2019)

It is a complex problem...
» Accuracy : m(x) = Ep[Y|X = x] (P historical probability) (is)
» Fairness : m*(x) = Ep«[Y|X = x] (P* targeted probability) (ought, Hume (1739))
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Ethics, Fairness and Discrimination V

Word embedding exhibiting gender bias, Bolukbasi et al. (2016) Angas .

a doctor, a nurse X
woman woman

. Frangais -

man ‘ man
un médecin, une
‘ . infirmiére
o o
/‘ Espagnol -
queen
. homemalkér Una doctora, una
king enfermera eminin)
computer . =R
programmer Un doctor, un
enfermero mascuin

nurse
B »
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Ethics, Fairness and Discrimination VI

Spatial information and racial bias (redlining)

W Ofreakonometrics & freakonometrics & freakonometrics.hypotheses.org 8/ 61


https://twitter.com/freakonometrics
https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/

Protected Attributes 7

CA HI GA NC NY MA PA FL TX|| AL ON NB NL QC
Gender X X ° X ° X X ° ° ° ° X X °
Age X X o x* e X e e e o o X X e
Driving experience ° X ° ° ° ° ° ° ° ° ° ° ° °
Credit history X X e e e X e e e x¥ x  ef x e
Education X X X X X X ° ° ° ° ° ° ° °
Occupation X X X ° X X ° ° ° ° ° ° ° °
Employment status || X X X ° X X ° ] ° ° ° ° ° °
Marital status ° X ° ° ° X ° ° ° ° ° ° ° °
Housing situation X X ° ° ° X ° ° ° X X ° ° °
Address/ZIP code e o o o o o o o o X X e e e
Insurance history ° ° ° ° ° ° ° ° ° ° ° ° ° °

CA: Californie, HI: Hawaii, GA: Georgia, NC: Caroline du nord, NY: New York, MA:
Massachusetts, PA: Pennsylvanie, FL: Floride, TX: Texas, AL: Alberta, ON: Ontario,
NB: Nouveau-Brunswick, NL: Terre-Neuve-et-Labrador, QC: Québec
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Big Data and Proxies |

More and more features, possibly (strongly) correlated with protected variables

» location (policyholder home adress)

Jean et al. (2016), Seresinhe et al. (2017), Gebru et al. (2017), Law et al. (2019),
llic et al. (2019), Kita and Kidzinski (2019), see also redlining
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Big Data and Proxies |l

Bohren et al. (2019) on statistical dis-
crimination, or efficient discrimination, as | “‘l[
in Becker (1957) (inspired by Edgeworth | T

0 sl

(1922) up to Phelps (1972))

Becker (2005) says “if young Moslem Middle
Eastern males were in fact much more likely
to commit terrorism against U.S. than were
other groups, putting them through tighter
security clearance would reduce current air-
port terrorism”,

GARY S
BECKER

“racial profiling” is “effective”, even though “such profiling is ‘unfair’ to the many
young male Moslems who are not terrorists, and to the many minority shoppers who
are honest ..."
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Big Data and Proxies IlI

... That could be made up in part by compensating groups who are forced to go
through more careful airport screening through putting them in shorter security lines,
or in other ways. Similarly, innocent shoppers who are stopped and searched could be
compensated for their embarrassment and time”

See also Boczar et al. (2021) (Insurance Data Science Conference in London)
phrenology (Lombroso (1876) and Bertillon and Chervin (1909)) and ugly laws
(TenBroek (1966) and Burgdorf and Burgdorf Jr (1974))

source https://nvlabs-fi-cdn.nvidia.com/stylegan2-ada-pytorch/, cf Karras et al. (2020)
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Big/Small Data and Possible Pitfalls |

Missing an important covariate is an important issue
> vi = Bo + x{ By + xg By + &t true model
> v, =by+ xirbl + nj: estimated model
Maximum likelihood estimator of b; is

~

by = (X{X1)'X
(X1 X1)~ 1XT [X18, + X8, + €]
= (X X)) 7 X{ X8y + (X] X1) T X XaBy + (X] X1) ' X e
= B+ (XiX1) ' X Xafy + (X] X1) ' X[ e
Bi2 vi

so that E[Bl] =B1+ B2 # By.
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Big/Small Data and Possible Pitfalls Il

From Bickel et al. (1975) (see also Alipourfard et al. (2018))

|

|

Total

‘ Men

Women

\ Proportions ‘

Total
Top 6

5233/12763 ~ 41%
17454526 ~ 39%

3714/8442 ~ 44%
1198,/2691 ~ 45%

1512/4321 ~ 35%
557/1835 ~ 30%

66%-34%
59%-41%

Mmoo O W >

597/933 ~ 64%
369/585 ~ 63%
321/918 ~ 35%
269/792 ~ 34%
146/584 ~ 25%
43/714 ~ 6%

512/825 ~ 62%
353/560 ~ 63%
120/325 ~ 37%
138/417 ~ 33%
53/191 ~ 28%
22/373 ~ 6%

89/108 ~ 82%
17/ 25 ~ 68%
202/593 ~ 34%
131/375 ~ 35%
94/393 ~ 24%
24/341 ~ 7%

88%-12%
96%- 4%
35%-65%
53%-47%
33%-67%
52%-48%
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Big/Small Data and Possible Pitfalls Il
As mentioned in Cohen (1986),

P[T < 1|X = Costa Rica] < P[T < 1|X = Sweden]

P[T < 1|X = (Costa Rica, x)] > P[T < 1|X = (Sweden, x)], Vx

1e-01

e Costa Rica
8 7 Men 1 Women ~ 8 8 1

5e-03  2e-02
1
60

Death Rate (women)

1e-03

20

2e-04
L
0
L

Age Costa Rica (1960) Sweden (1958-1962)
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Defining Group Fairness |

y € {0,1} variable of interest (classically binary)
p € {0,1} protected variable (sensitive)
x € RY ‘explanatory’ variables

s€[0,1]  score, classically s = s(x, p)

y € {0,1} classifier, classically y = 1(s > t)

Fairness Through Unawareness, Kusner et al. (2017)
Protected attribute p is not explicitly used in decision function y.

> whatis y 7

» how to define a fair pricing ?
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Defining Group Fairness |l

policyholder

(xi, pi)

infered data

mg(x, p)

underwriting

my(x, p)

claim a loss

£(x, p)

claims manager

me(x, p)

fraud detection

mf(x) P; X'(p))

W Ofreakonometrics & freakonometrics & freakonometrics.hypotheses.org

indemnity
Yi

dataset

(yiaxl'api)

(training data)
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Defining Group Fairness Il

Not to mention multiple biases, from feedback bias (telematics

selection bias

SAT (échelle 0-100)
20 40 60 80 100
SAT (échelle 0-100)

20 40 60 80 100

0
0

population invisible

GPA (échelle 0-100)

(see Hand (2020) on dark data)

60

T T
80 100

GPA (échelle 0-100)
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SAT (échelle 0-100)

20 40 60 80 100

0

popuation refusce

GPA (échelle 0-100)

T
80

T
100

and gamification) to

SAT (échelle 0-100)

20 40 60 80 100

0

GPA (échelle 0-100)
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Defining Group Fairness IV

y € {0,1} variable of interest (classically binary)
p € {0,1} protected variable (sensitive)
x € RY ‘explanatory’ variables

s € [0,1]  score, classically s = s(x, p)

¥ €{0,1} classifier, classically y = 1(s > t)
Demographic Parity, (Corbett-Davies et al. (2017), Agarwal (2021))
Decision function y satisfies demographic parity if Y 1L P, i.e.

PlY =y|P=0]=P[Y = y|P =1], Vy or E[Y|P = 0] = E[Y|P = 1]
Since y is binary, a classical intermediary component is the score s(x)
and a classical tool is the ROC curve (obtained by changing threshold t)
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Defining Group Fairness V

X "
Z false positives

y=1

@
@
<>
I
<>
I
TPR

W_J

positives

positives

negatives

false negative

X1 FPR
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Defining Group Fairness VI

X2
.
g s(x)ly =1

true positives

positives

J@V:O

negatives

false positives

>
I
=
o
(@)
(@)
@

X1 threshold

«—
y=1

<>
Il
o
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Defining Group Fairness VII

We can compare s(X) conditional on Y, but also on P

TN y=1

66.3 %

| .
[ T T I T 1 [ I T I T 1

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Score s (p=0) Score s (p=1)
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Defining Group Fairness VIII

Equal Opportunity, Hardt et al. (2016)
True positive parity

P[Y =1P=0,Y =1]=P[Y =1|P=1,Y =]
or false positive parity

P[Y=1P=0,Y=0=P[Y=1|P=1,Y =0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 06 08 10

Score s (p=0) Score s (p=1) Score s (p=1)
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Defining Group Fairness IX

predictive parity
calibration
well-calibration

Chouldechova (2017)
Chouldechova (2017)
Chouldechova (2017)

=1|P= pJA/_l]—c'st7 Vp
=1|P=p,S =s] =csts, Vp,s
=1P=p,S=s]=s, Vp,s

P

YLP|Y

statistical parity Dwork et al. (2012) PlY = 1|P = p] = cst, Vp independenc
conditional statistical parity ~ Corbett-Davies et al. (2017) P[Y =1|P=p,X =x] =csty, Vp,y Y 1L P
equalized odds Hardt et al. (2016) PlY =1|P=p,Y =y] =cst,, Vp,y separation
equalized opportunity Hardt et al. (2016) PlY=1P=p,Y =1 =cst, Vp
predictive equality Corbett-Davies et al. (2017) P[Y =1|P =p,Y = 0] =cst, Vp YIP|Y
balance (positive) Kleinberg et al. (2017) E[S|IP=p,Y =1] =cst, Vp SULP|Y
balance (negative) Kleinberg et al. (2017) E[S|P=p,Y =0] =cst, Vp
conditional accuracy equality  Berk et al. (2017) PlY =y|P=p,Y =y] =cst,, Vp,y sufficiency

[y

PIY

PlY

Pl

accuracy equality

treatment equality

Berk et al. (2017)
Berk et al. (2017)

Y=Y|P=p]=cst, Vp

N,
F—Pp = cstp, Vp
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From correlation to causality |

» ‘“classifying projection methods as using demographic/actuarial models or
non-demographic/causal models"
Keilman (2003) and Hudson (2007)

» “Article 5(2) allowed Member States to Permit proportionate differences in
individuals premiums and benefits where the use of sex is a determining factor in

the assessment of risk based on relevant and accurate actuarial and statistical
data.”

Thiery and Van Schoubroeck (2006) and Schmeiser et al. (2014)

» “Two judges on the Supreme Court dissented in the Zurich case. In their view, an
insurer must not only prove a statistical correlation between a particular group
and higher risk, but a causal connection”

Gomery et al. (2011)
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From correlation to causality |l

#CBC | mMenu v Qsearch & signin
NEWS Top Stories Local covID-19 Opinion World
Calgary

Alberta man changes gender on government IDs
for cheaper car insurance

f (¥ =)&) lin

He says he saved almost $1,100

g Reid Southwick - CBC News - Posted: Jul 20, 2018 1:24 PM MT | Last Updated: July 26, 2018

» DAGs are important

» Looking for a counterfactual

W Ofreakonometrics & freakonometrics & freakonometrics.hypotheses.org
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From correlation to causality |l

Consider some distances D on {0,1} x {0,1} or [0,1] x [0,1], and d on RP x RP,
Lipschitz property, Duivesteijn and Feelders (2008)

D(yi,yj) or D(si,sj) < d(xj,xj), ¥i,j=1,---,n.

Conterfactual fairness, Kusner et al. (2017) If the prediction in the real world is the
same as the prediction in the counterfactual world where the individual would have
belonged to a different demographic group, we have counterfactual equity, i.e.

P[Ylél—p :y|X:X] :P[Ysep/ :y|X:X], VP',XaY-

Ofreakonometrics & freakonometrics & freakonometrics.hypotheses.org
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From correlation to causality IV

» counterfactuals
(what if | had done...?)

» intervention

Iy 3. COUNTERFACTUALS
i ACTMITY: 1
| QUESTIONS: 11

\

» association
(what if | see...?)

what would have happened if this person had had
treatment 1 instead of treatment 0 7

1. ASSOCIATION
acTviTY:

QUESTIONS:
1

(picture Pearl & Mackenzie (2018))

EXAMPLES:
W
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From correlation to causality V

Causal inference litterature,
> t some binary treatment (t € {0,1})
» x some covariates

» y denote the observed outcome, y*, ; and y*, _, the potential outcomes

treatement outcome age gender height weight
tj Yi }/,-fr<_1 YiTeo Xii X9,i X3,i X4,i
1 1 121 121 7 37 F 160 56
2 0 109 7 109 28 F 156 54
3 1 162 162 7 53 M 190 87

There will be a significant impact of treatment t on y if y7,_ , # y7.; (see Rubin
(1974), Hernadn and Robins (2010) or Imai (2018)).
The causal effect for individual i is 7 = v/, | — Yir o
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From correlation to causality VI

One can define the sample average treatment effect (SATE)

1 n
SATE = . ZYZTel —YiTeo
i—1

the average treatment effect (ATE)
r = ATE=E[¥ir |~ Yi7.o)
and, for possibly heterogeneous effects, conditional average treatment effect (CATE)

1

7(x) = CATE(x) = E[ Y/ — YiT 0| X = x]
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From correlation to causality VII
Naive difference-in-means estimators, but Splawa-Neyman et al. (1990)

n

1< 1 -
T = n—lz tiyi — H—OZ(l — ti)yi, where n; = Z tj
i=1 i=1

i=1
or the regression-based estimators (also called single learner)

7(x) = 1 (x) — fio(x)
where [i;(x) =E[Y|T =t, X = x|
One can also use the propensity score m; = P[T = 1|X = x;]
1 En: tiyi (1 =ty

T=-
n T 1—m;

i=1

to derive a inverse-propensity score weighted estimator.
This can be use to derive a doubly-robust estimator
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Counterfactual and optimal transport |

One can also use matching technique,

» for treated individual i (t; = 1), match that individual to someone in the
non-treated group (t; = 0), j7 = argmin{d(x;, x;)},
J:tj=0

E.g. x; is the height of a person, t; is the gender of that person, then

1 &
T:nliz;ti'(yiyj,-*)
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Counterfactual and optimal transport |l
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Counterfactual and optimal transport Il

» consider a permutation of all treated individuals (t; = 1),

» for treated individual i (t; = 1), match that individual to someone in the
non-treated group (t; = 0), j7 = argmin{d(x;, x;)},
J:ti=0
» then we remove the untreated observation from the database, and iterate (so as
to match all treated individuals with an untreated person
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Counterfactual and optimal transport IV

I ] ] ] 1 I ] ] ] 1
150 160 170 180 190 150 160 170 180 190
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Counterfactual and optimal transport V
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Counterfactual and optimal transport VI

/ WOMEN

I T I I |
150 160 170 180 190
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See Monge (1781)'s problem
(déblais/remblais - excavation /infill)

We want to go from Py to IP; (distributions
on R¥). Given T : Rk — RK, define the
" push-forward" measure

P1(A) = TuPo(A) =Po(T(A)), VA C R¥.

An optimal transport T* (in Brenier's
sense) from Py towards P; will be solu-
tion of

T € arginf / Hx—T(x)HQdIP)o(x).
T:TuPo=P; JRK
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Counterfactual and optimal transport VII
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Counterfactual and optimal transport VI

One can prove (see) that T* = V1) where 1) is a convex function. If k =1, T is an
increasing function, i.e. if Fo(x) = Po[X < x| and F(x) = P1[X < x], then

T*(x) = F; ' o Fy(x) satisfies TPy =P (since Fi(x) = Fo(T*7!(x)) and T* is
optimal.

200
200

190

Height (cm), male

180

Height (cm), male
0

Height (cm), male

- T T T T T T T
150 160 170 180 140 150 160 170 180 140 150 160 170 180

Height (cm), female Height (cm), female Height (cm), female
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Counterfactual and optimal transport IX
That is an optimal coupling problem, that we can write (for some cost )

min /]1%2 v(x,y)dF(x,y), where F(x,y) = C(Fo(x), F1(y))

copula C

As Gordaliza et al. (2019) and Black et al. (2020), a classifier m obtained from score s
(m(x, p) = 1(s(x, p) > seuil)) is unfair if m(x,0) # m(T*(x),1). Black et al. (2020)
define the FlipSet as

Xe(m, T = {x € X : m(x,0) # m(T*(x),1)}.
{x;(m, T*) = {x € X :m(x,0) > m(T*(x),1)}.
Xe(m, T*)={x € X :m(x,0) < m(T*(x),1)}.

and if T;;]P’g = PP1, the average causal effect is

ACE =E[Y7 4] —E[YT o] = PO[XI-?(mv )] — PO[XI:"—(mv )]
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Counterfactual and optimal transport X
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Adversarial Approach |
Hirschfeld (1935), Gebelein (1941) and Rényi (1959)

HGR(U, V) = max {corr[f(U),g(V)]} = feé?i)ésv{E[“U)g(v)]}

where Sy = {f : U — R : E[f(U)] =0 and E[f(U)?] = 1} and similarly Sy .
One can also consider a conditional version,

HGR(U, V|Z) = fesuﬁ??;ésvZ{E[““)g(V)‘Z]}

where Syjz = {f : U — R: E[f(U)|Z] = 0 and E[f(U)2|Z] = 1}.

{Demographic Parity: Y L P ie. HGR(Y,
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Adversarial Approach Il

HGR can be difficult to estimate, but one can use some Neural Net,

HGRyn(U, V) = max{E[f,, (U)g., (V)]}

Wf,Wg

In a classical ML or econometric pricing model, solve

n
arggnin {‘C(y’)/)}a where E(?ay) = ZE(}A’:,Y:) and ./y\ = ho(X)
i=1

To avoid over-fit: penalize complexity (penalty P)

arggnin {ﬁ(he(x)7Y) + )\7)(/79)}
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Adversarial Approach IlI

Inspired by Goodfellow et al. (2018), to avoid un-fairness: penalize according to
HGR(y, p) (for demographic parity)

argmin {L£(ho(x),y) + AHGRu; w, (¥, P) }

0,wr,wg
l.e. R
argmin{ max {£(ho(X), ¥) + AE(x5) o (ho (X)), (P)} |
wr,Wwg

or HGR(y, ply) (for equalized odds), i.e. when y € {0,1}

argmin{  max {L(hg(X),Y) + AoE(xpyny (g, (ho(X))Buy, (P))

0 Wro,Wg0,Wr1,Wel

+ ME(x Py, (o, (ho(X))8us, (P)} |
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Adversarial Approach IV

or, more generally when y € Qy (e.g. {0,1,2,3+}), if k = #Q,

argmin{ max {[,(hg

2] WF,Wg0,Wfk ;W gk

yeQ,
OO 9 P00y ) Iy 0030, )
wn Q. awn, e o
Predictor h - Adversary f
—>| > Y —>
X Weights : wy, Y Weights : wg
Adversary g
S Weights : wy
D DGR E
OF (fw; (M, (X)) Gw,, (5))
awg
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£ 3 AEx,pyn, (g (ho(X)) g, (P} )

E(fuw, (R, (X)) G, (5))
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Dealing with high dimension |

» geographic / spatial information, Xz
> car type / make / model, X,
» other classical ratemaking variables, X, (non protected)

Some features can be in high dimension, natural solution would be PCA or
autoencoders (see Shi and Shi (2021) about feature embedding in high dimension)
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Dealing with high dimension Il
Principal Component Analysis (PCA)

min { || X — PTPX||%2} s.t. rank(P) = k
min { | 7} st rank(P)

where II is the set of projection matrices.

XeXx ZcZ X ex

~_ 7 >~ "

P PT

min || X — X’||> = min || X — PTPX|?

= minz (PTPX,' — X,')T(PTPX,' — X,')
i=1
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Dealing with high dimension Il

Autoencoder

min {|| X — o \pXHZF}

XeX ZcZ X ecx
\/‘ \/‘
¥ P
"bottleneck"
min || X — X'||? = min || X — 1 o o(X)||? hidden layer

encoder decoder

minz (”¢ o p(x;) — Xi)T(w o p(x;) — Xi)
i=1
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Dealing with high dimension IV

d(z (, (Xp, Yooy (Xg), cwE(Xc)) Y)+2 HGR(7.5))

dw,

AL (P, s iy (Xg) e K.Y ) + 2 HGR (7, $))\ 46ty By (85) e GNP HGRATS) o= === === === mmmm o mmm oo -
O (o, (K Yiny (X3, Curc (X)), () \
A

1 «---

1

Adversary f

Weight: we
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Application on synthetic data |

> S: sensitive / protected (gender) > Age: age of the driver
» Col: color of the car » Ina: inattention

» Sp: maximum speed of the car » Agg: aggressivity

> Sal: average salary of the » Y: total cost

policyholders area

:’@Q
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Application on synthetic data Il

Classification accuracy %

Performance Accuracy vs Fairness

0875 X BASE
% OURS

0850

0825

0.800

0775

0.750

0.725

0.700

40 50 60 70 80 90
p-rule %

> \: fairness penalty

Dependence between Car risk and S by A

X BASE
X OURS

P(Y=1P=1) P(Y =1|P=0)

» p-rule: min
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P(Y=1P=0) P(Y =1|P=1)

HGR(Y,Col)

Dependence between Predictions and Color by A

06 X BASE
x OURS

00 01 02 03 04 05 06 07 08
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Application on real data (pricing game 2015) |

y € {0,1} (claim occurrence)

Performance Accuracy vs Fairness . L
0.8440 Dependence between Car risk and the Predictions by A Dependence between Geo. risk and Predictions by A
x BASE 0.5 N
X x % OURS x X BASE 5 x gASES 4
0.8435 x % OURS 0.50 * OUR
X
x
0.8430 04 x
X X x
®
>
g 08425 o x
5
g 503 * <]
8 [ 3
 0.8420 g x " N
£ Z x z
& 2 2
= 0.8415
B 0.2
S 025
0.8410 M ,
)
£ 0.20 g [ ]
0.8405 0.1 = 3
§ 015
0.8400 * x
82 84 8 8 90 92 94 96 0.0 01 0.2 0.3 0.4 0.5 0.0 01 0.2 0.3 0.4 05
p-rule % 2 2
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Application on real data (pricing game 2015) Il

y € {0,1,2+} (claim frequency)

GINI

GINI vs FairQuant

05

Dependence between Car risk and Predictions by A

X BASE N
x OURS

x
x

0.2 .
o X
* >
0.40 Xx
x
* 0.1 x ¥ x
038 x % *
00025 00020 00015  0.0010  0.0005 00 01 02 03 04 05 06 07

FairQuant

A

Dependence between Geo. risk and Predictions by A

X BASE >

% OURS
045 >
* x %

0.40

0.25

00 01 02 03 04 05 06 07
A

see Grari et al. (2022) for more examples (including the case where y € RT)
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Take home message..

¥ UNIVERSITE
Institut intelligence et données (11D)

A propos Expertises Services Projets Actualités

Journée sur 'équité et la
discrimination en assuranée

Workshop on fairness and discrimination in insurance

13 mai 2022, 8h45 a 16h May 13th, 8:45AM - 4PM
Evénement hybride Hybrid Event

Workshop on fairness and discrimination in insurance, May 13, Québec City

https://iid.ulaval.ca/jeda2022
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