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to go further, Chaire PARI Working Paper #37
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and CAS Working Paper “a scalable toolbox for exposing
indirect discrimination in insurance rates”
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Preambule, “at the core of insurance business lies discrimination".
"What is unique about insurance is that even statistical dis-
crimination which by definition is absent of any malicious in-
tentions, poses significant moral and legal challenges. Why?
Because on the one hand, policy makers would like insur-
ers to treat their insureds equally, without discriminating
based on race, gender, age, or other characteristics, even if
it makes statistical sense to discriminate (...) On the other
hand, at the core of insurance business lies discrimination be-
tween risky and non-risky insureds. But riskiness often sta-
tistically correlates with the same characteristics policy mak-
ers would like to prohibit insurers from taking into account. "
[Avraham, 2017]
[Charpentier, 2024a] Insurance: Biases, Discrimination and Fairness. [
“Machine learning won’t give you anything like gender neutrality ‘for free’ that
you didn’t explicitly ask for," [Kearns and Roth, 2019]
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Preambule, redlining and proxy discriminay

“Credit score and zip code are not, by themselves, socially suspect
characteristics. However, some commentators have argued that credit score and
zip code are used by auto and home insurers as proxies for potentially socially
suspect characteristics, such as race and income. By contrast, insurers argue
that credit scores and zip codes are predictive of loss experience for reasons
having nothing to do with these factors." [Avraham et al., 2013]
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Actuarial Fairness ?

... “on an actuarially fair basis; that is, if the
costs of medical care are a random variable with
mean m, the company will charge a premium
m, and agree to indemnify the individual for all
medical costs," ...[Arrow, 1963].

“actuarially fair premiums" = “expected losses"

of the insured risk, see also [Frezal and Barry, 2020].

→ solidarity premium = µS = E[Y ]

what if we have heterogeneity ?
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Disparate Treatment or Disparate Treatment?
• Supreme Court Justice Harry Blackmun stated, in 1978,

“In order to get beyond racism, we must first take account of race. There is
no other way. And in order to treat some persons equally, we must treat
them differently," [Knowlton, 1978], cited in [Lippert-Rasmussen, 2020]
• To counteract disparate impact , intentional disparate treatment is necessary
• See philosophical discussions about affirmative action, e.g.,

[Rubenfeld, 1997, Pojman, 1998, Anderson, 2004]
• In 2007, John G. Roberts of the U.S. Supreme Court submits

“The way to stop discrimination on the basis of race is to stop
discriminating on the basis of race," [Sabbagh, 2007] and [Turner, 2015]
• corresponds to the “colorblind" approach
• Rejects any form of disparate treatment , even for corrective purposes, and

reproduction of historical inequalities will lead to disparate impact
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Expected Value, an Econometrician Detour
Best estimate / Actuarial Fairness :

µAF (x, s) = E[Y | X = x, S = s]

where {
S is a protected attribute (sensitive)
X is a collection of “legitimate” pricing variables

This expected value is Bayes predictor, where M is the set of all measurable functions,

m⋆ ∈ arg min
m∈M

{R(m)}, where R(m) = E
[(

Y , m(X , S)
)2]

.

A particular case of the set of linear functions (GLM).

Sidenote: see [Tierny et al., 2025] on fairness for linear models.
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Expected Value, an Econometrician Detour

Consider the regression of y on two variables x and s (all variables are centered),

y = β1x + β2s + ε,

where x is a pricing variable, and s a sensitive attribute.

If x and s are independent (at least x ⊥ s) :

β̂1 = Cov(x , y)
Var(x) = x⊤y

x⊤x , and β̂2 = Cov(s, y)
Var(s) = s⊤y

s⊤s ,

corresponding to OLS estimates to simple regressions.
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Expected Value, an Econometrician Detour

If x and s are not independent (x ̸⊥ s) from Frisch–Waugh–Lovell decomposition,
β̂1 can be obtained in two stages

• decorrelation of x and y w.r.t. s :
{

x = γ s + ux , i.e., x̃ := ux = x − γ̂ s,

y = α s + uy , i.e., ỹ := uy = y − α̂ s,

• regression on residuals : ỹ = β1x̃ + η,

β̂1 = x̃⊤ỹ
x̃⊤x̃

,

{
x̃ = Msx ,

ỹ = Msy ,
and Ms = I− Ps ,

where Ps is the orthogonal projector on span{s}. Thus,

β̂1 = x̃⊤ỹ
x̃⊤x̃

̸= x⊤y
x⊤x ,
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Expected Value, a Probabilistic Detour
The expected value satisfies

m(x) = E[Y | X = x], where m = arg min
g :Rd →R

E
[
(Y − g(X))2].

If J ⊆ {1, . . . , d}, XJ = (Xj)j∈J

mJ(xJ) = E[Y | XJ = xJ ] , where mJ = arg min
g :R|J|→R

E
[
(Y − g(XJ))2].

Note that

mJ(xJ) = E[Y | XJ = xJ ] =
∫

y p(y |xJ) dy =
∫

y
∫

p(y | xJ , x−J) p(x−J | xJ) dx−J dy .

i.e. mJ(xJ) =
∫

m(xJ , x−J) p(x−J | xJ) dx−J ,
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Expected Value, a Probabilistic Detour
One could define the marginal expectation , as used in partial dependence plots

ME(xJ) := E[Y | XJ = xJ , X−J ∼ PX−J ] =
∫

m(xJ , x−J) p(x−J) dx−J ,

ME[Y | XJ = xJ ] = EX−J [ m(XJ , X−J) | XJ = xJ ]

The marginal expectation corresponds to integrating the conditional mean m(XJ , X−J)
over the marginal law of X−J , ignoring the dependence between XJ and X−J

PDPm(xJ) = EX−J [m(xJ , X−J)] =
∫

m(xJ , x−J) p(x−J) dx−J = ME(xJ)

{
ME(Y | xJ) ← ceteris paribus
E(Y | xJ) ← mutatis mutandis
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Expected Value, a Probabilistic Detour

Gaussian illustration 
(X1, X2) ∼ N

(
0,

(
1 ρ

ρ 1

))
,

Y = X1 + X2 + ε, ε ∼ N (0, σ2),E[Y |X1 = x1] = x1 + E[X2|X1 = x1] = (1 + ρ) x1,

E[Y |X2 = x2] = x2 + E[X1|X2 = x2] = (1 + ρ) x2.ME[Y |X1 = x1] = x1,

ME[Y |X2 = x2] = x2.

§ freakonometrics freakonometrics.hypotheses.org – Arthur Charpentier, Novembre 2025, Chaire PARI 11 / 37

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


From “Expected Values" to Premiums

Best estimate / Actuarial Fairness :

µAF (x, s) = E[Y | X = x, S = s]

“The way to stop discrimination on the basis of race is to stop discriminating on
the basis of race," [Sabbagh, 2007] and [Turner, 2015]

If we try to be blind with respect to S,
→ “unaware premium” (color/gender-blindness) µU(x) = E[Y | X = x]
→ “aware premium” µA(x) = ME[Y | X = x] = ES

[
µAF (x, S)

]
, i.e.,

µA(x) = P[S = A] · µAF (x, A) + P[S = B] · µAF (x, B)
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Affirmative Action ?
In [Côté et al., 2024] we suggested “corrective” and “hyperaware” premiums.

“In order to get beyond racism, we must first take account of race. There is no
other way. And in order to treat some persons equally, we must treat them
differently," [Knowlton, 1978], cited in [Lippert-Rasmussen, 2020]

§ freakonometrics freakonometrics.hypotheses.org – Arthur Charpentier, Novembre 2025, Chaire PARI 13 / 37

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


Kitagawa-Oaxaca-Blinder Decomposition

Following [Kitagawa, 1955], [Oaxaca, 1973], [Blinder, 1973]{
YA = X⊤

A βA + εA, E[εA|XA] = 0, in group A,

YB = X⊤
B βB + εB, E[εB|XB] = 0, in group B.

or synthetically YS = X⊤
S βS + εS . Write ȲS = E[YS ] and X̄S = E[XS ].

The overall disparity between groups A and B is

∆Y = ȲA − ȲB = X̄⊤
A βA − X̄⊤

B βB.

∆Y = (X̄A − X̄B)⊤β∗ + X̄⊤
A (βA − β∗) + X̄⊤

B (β∗ − βB).β∗ = βB (Blinder’s version): ∆Y = (X̄A − X̄B)⊤βB + X̄⊤
A (βA − βB)

β∗ = βA (Oaxaca’s version): ∆Y = (X̄A − X̄B)⊤βA + X̄⊤
B (βA − βB)
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Kitagawa-Oaxaca-Blinder Decomposition

Visualization of Oaxaca-Blinder decomposition of yA − yB, as xA(β̂A − β̂B) and
(xA − xB)β̂B on the left, and xB(β̂A − β̂B) and (xA − xB)β̂A (on the right).
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Causal Approach and Counterfactual Discrimination

We have counterfactual fairness if “had the protected attributes (e.g., race) of the
individual been different, other things being equal, the decision would have
remained the same," [Kusner et al., 2017]
If the protected variable is considered as the treatment, individual fairness is close a
measuring a treatment effect.

What does “other things being equal " really mean ?

It is possible to suppose that the protected attribute A could affect some explanatory
variables X in a non-discriminatory way, [Kilbertus et al., 2017] (concept of “revolving
variable").
• two groups, distribution of height (cm) with women and men (in the U.S.)
• two groups, distribution of baby weight (g) with non-black and black mothers,

delivering babies (in the U.S.)
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Causal Approach and Counterfactual Discrimination
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Causal Approach and Counterfactual Discrimination

P[ Ŷ = yes | A = white , X = x] ?= P[ Ŷ = yes | A = black , X = x] , ∀x
having surgery

sensitivesensitive

e.g., x is the “weight of the baby" (at birth), in g.
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Causal Approach and Counterfactual Discrimination

P[ Ŷ = yes | A = white , X = x] ?= P[ Ŷ = yes | A = black , X = x⋆ ] , ∀x
having surgery

sensitivesensitive

e.g., x is the “weight of the baby" (at birth), in g.
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Causal Expectation


(X1, X2) ∼ N
(

0,

(
1 ρ

ρ 1

))
,

Y = X1 + X2 + ε, ε ∼ N (0, σ2), ceteris paribus : ME[Y |X1 = x ] = x = ME[Y |X2 = x ],

mutatis mutandis : E[Y |X1 = x ] = (1 + ρ) x = E[Y |X2 = x ],

X1

X2

Y

X1

X2

Y

→ conditional expectationCE[Y |X1 = x1] = x1 + ρx1,

CE[Y |X2 = x2] = x2.

corresponding to E (Y | do(x)) in [Pearl, 1998]
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Structural Causal Model, Gaussian Additive Case

S

X

Y

εX

gX (S)

S

X

εX

gX (S ′)

S ′

X ′

[Pearl, 2009] suggested a

twin network representation of the counterfactual

• abduction use the evidence (X , D):
εX = X − gX (D)

• prediction use the same estimated noise εX to compute
the counterfactual of X
X ′ = gX (D′)+ εX
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Structural Causal Model, General Case

S

X

Y

εX

gX (S)

S

X

εX

gX (S ′)

S ′

X ′

[Charpentier et al., 2023], [Fernandes Machado et al., 2025a],
[Fernandes Machado et al., 2025b] extended this using

optimal transport on causal graphs
• FA(·) cdf of X | D = A, FA(x) = P(X ≤ x | D = A)

abduction u = FA(X ) probability level in group A
• FB(·) cdf of X | D = B, FB(x) = P(X ≤ x | D = B)

prediction F −1
B (u) quantile of level u in group B

counterfactual is X ′ = F −1
B (FA(X ))
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Actuarial Fairness

“Actuarial fairness remains indispensable for sustainability: without
alignment between premiums and expected losses, insurers face adverse
selection and solvency risk," [Charpentier et al., 2025]
• Classical principle: premiums proportional to expected loss.
• Historically rooted in risk classification traditions [Arrow, 1963],
• Reinforced by modern ML segmentation [Barry and Charpentier, 2023],
• Risks: exclusion of vulnerable groups, affordability concerns.
• Targets efficiency and solvency
• Aligns with market-efficiency philosophy, [Phelps, 1972], [Frezal and Barry, 2020]
• see also [Norris, 1983], [Avraham, 2017]
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Solidarity

“Insurance links ‘technical rationality’ with ‘solidarity’ – a dual role that
distinguishes it from other risk technologies," [Lehtonen and Liukko, 2012]
• Emphasizes pooling, redistribution, and accessibility.
• Rooted in sociological and political analyses of insurance [Ewald, 1986],

[Lehtonen and Liukko, 2012]
• Addresses affordability and protection of vulnerable groups.
• European regulatory tradition centers fairness around equality and social

protection.
• Stands in tension with actuarial segmentation and fine-grained ML pricing.
• Aligns with well-established normative tradition, [Rawls, 1971], [Sen, 1992],
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Causality
“Causality reframes fairness in terms of legitimacy—charging individuals for
risks they are truly linked to, while guarding against proxy effects [...]
Causality means keeping each variable aligned with its proper risk
relevance—nothing more, nothing less," [Charpentier et al., 2025]
• Ensures variables reflect genuine causal effects on risk.
• Draws on counterfactual fairness and causality literature, [Dwork et al., 2012],

[Kusner et al., 2017],
• Protects against proxy discrimination—important in insurance where sensitive

attributes reappear through correlated features, [Prince and Schwarcz, 2019].
• Requires explicit causal modeling; subject to uncertainty and unverifiable

assumptions.
• Aligns with information ethics, [Nissenbaum, 2009], [Floridi, 2016],
• Actuarial research operationalizes causal admissibility through causal graphs and

proxy-vulnerability tools, [Côté et al., 2024]
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Three pillars, A Geometric Visualization
Back on our previous example, and consider an individual (•, x)
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Three pillars, A Geometric Visualization
Actuarial Fairness , → consider µAF (•, x)
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Three pillars, A Geometric Visualization
Solidarity , → consider µS(•, x) = E[Y ]
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Three pillars, A Geometric Visualization
Unaware , → consider µU(x) = E[Y |X = x ]

§ freakonometrics freakonometrics.hypotheses.org – Arthur Charpentier, Novembre 2025, Chaire PARI 30 / 37

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


Three pillars, A Geometric Visualization
Aware Price , → consider µA(x) = P[•] · µAF (•, x) + P[•] · µAF (•, x)
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Three pillars, A Geometric Visualization
Distorted Aware Price , → µDA(x) = P[• | x ] · µAF (•, x) + P[• | x ] · µAF (•, x)
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Three pillars, A Geometric Visualization
Corrective Price , → consider µC (•, x) =

∑
◦∈{•,•}

P[◦] · F −1
◦
(
F•(µAF (•, x))

)

See [Côté et al., 2024] for a longer discussion...
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Three pillars, A Geometric Visualization
Causal Price , → consider µC (•, x) =

∑
◦∈{•,•}

P[◦] · µAF (•, F −1
◦
(
F•(x)))

)

See [Fernandes Machado et al., 2025b, Tierny et al., 2025] for more on that duality
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Three pillars

Actuarial Fairness

SolidarityCausality

Flat-rated pricing (1887)
Manual risk classification (1935)
Multivariate risk classification (1960)
Usage-Based Pricing (2020)
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Three Pillars to Business Ethics Theory

• Actuarial fairness aligns with efficiency and shareholder-value ethics.
• This efficiency-oriented pillar also raises ethical concerns,
• Solidarity is linked to stakeholder theory and distributive justice.
• Solidarity implies corporate duties toward vulnerable policyholders and broader

communities
• Causality (though less elaborated in the provided snippet) is positioned as the

pillar of responsibility
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Wrap-up

• Fairness in insurance is plural, contested, and inherently norma-
tive.
• In ethical terms, insurers are “moral actors”.
• Regulatory priorities diverge sharply between Europe and the

United States
• Most U.S. states prioritize actuarial fairness and predictive accu-

racy
• Easy to implement, [Côté et al., 2025]

[Charpentier, 2024a] Insurance: Biases, Discrimination and Fairness.
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