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Agenda
I Charpentier (2022) Insurance: Discrimination, Biases and Fairness, Institut Louis

Bachelier �
I Grari et al. (2022) A fair pricing model via adversarial learning, ArXiv:2202.12008

� �

I “Technology is neither good nor bad; nor is it neutral ” , Kranzberg (1986)
I “Machine learning won’t give you anything like gender neutrality ‘for free’ that

you didn’t explicitely ask for ", Kearns and Roth (2019)
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Actuarial Pricing I
I “at the core of insurance business lies discrimination between risky and non-risky

insureds”, Avraham (2017)8>>>>>>>>>>><>>>>>>>>>>>:

x 2 X � Rd : ‘explanatory’ variables(
xc 2 Xc � Rdc : car-vehicule ‘explanatory’ variables
x 0

c = mc(xc ; x) 2 R : car-vehicle scoring(
xg 2 Xg � Rdg : geographic ‘explanatory’ variables
x 0

g = mg(xg ; x) 2 R : geographic scoring
y 2 f0; 1g;N or R+ : variable of interestby = m(x; x 0

c ; x 0
g) : prediction (or score)

Classically, a two-stage approach is considered to create a geographic score
I Fit a model bm to predict y based on x, compute residuals b"
I Fit a model bmg(�; x) to predict b" based on xg
I define a score x 0

g = bmg(xg ; x) (that is function of x, too)
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Protected Attributes ? Motor insurance in North America
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 � x� � x � � � �� � x x �
Driving experience � x � � � � � � � � � � � �
Credit history x x � � � x �� � � x� x �� x �
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 � � � � � � � � � x x � � �
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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Defining Group Fairness when y is binary I
8>>>>>>>>>>>>>>>><>>>>>>>>>>>>>>>>:

x 2 X � Rd : ‘explanatory’ variables
p 2 f0; 1g : protected variable or sensitive attribute(

xc 2 Xc � Rdc : car-vehicule ‘explanatory’ variables
x 0

c = mc(xc ; x; p) 2 R : car-vehicle scoring(
xg 2 Xg � Rdg : geographic ‘explanatory’ variables
x 0

g = mg(xg ; x; p) 2 R : geographic scoring
y 2 f0; 1g : variable of interest (binary)
s = m(x; p; x 0

c ; x 0
g) : scoreby = 1(s > threshold) : prediction

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

@freakonometrics freakonometrics freakonometrics.hypotheses.org 5 / 26

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


Defining Group Fairness when y is binary II

Demographic Parity, (Corbett-Davies et al. (2017), Agarwal (2021))
Decision function by satisfies demographic parity if bY ?? P, i.e.

P[ bY = y jP = 0] = P[ bY = y jP = 1]; 8y or E[ bY jP = 0] = E[ bY jP = 1]

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