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Confidence and Fairness
“Insurance is the contribution of the many to the misfortune of the few”

policyholder insurer

premium

indemnity

According to Arrow (1963), actuarially fair premiums = expected losses
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Confidence and Fairness
▶ There is no law of one price in insurance, see Froot et al. (1995)
→ with different models and different portfolio, we can have two different premiums

“Insurance is the contribution of the many to the misfortune of the few”

▶ Insurance is a risk transfer (from a policyholder to an insurance company)

policyholder insurer

premium

indemnity

▶ Actuarial Fairness is about the balance of this risk transfer
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Confidence and Fairness

policyholder

“Insurance is the contribution of the
many to the misfortune of the few”

▶ As discussed in Charpentier (2025),
insurance is also a risk sharing
(among policyholders)

▶ Fairness (and equity ) have to do
with risk sharing and cross-subsidies
within risk classes

▶ what is expected losses ?
E(Y ) or E(Y | X)? what is X?
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Confidence and Fairness
▶ Insurance is a risk transfer , see Ferrario and Loi (2022) on trust and confidence.

Insurance is a promise, trust and confidence are key
▶ Insurance is a risk sharing , related to cake-cutting problems, see also Favier

and Calders (2024).

“Without trust and the mechanisms that build and maintain it, the insurance
market becomes unsustainable,” Rozar and Eaton (2021), see also Guiso (2021)

Multiple publications on insurance, confidence, and personalization
Charpentier (2024a) Insurance: biases, discrimination and fairness. Springer Verlag
Charpentier and Vamparys (2025) Artificial intelligence and personalization of insurance: Failure or delayed ignition?
Big Data & Society
Barry and Charpentier (2023a) Melting contestation: insurance fairness and machine learning. Ethics and
Information Technology
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Discrimination and Insurance
“Discrimination is the act, practice, or an instance of separating or
distinguishing categorically rather than individually,” Merriam-Webster (2022).

“To be an actuary is to be a specialist in generalization, and actuaries engage in
a form of decision making that is sometimes called actuarial. Actuaries guide
insurance companies in making decisions about large categories that have the
effect of attributing to the entire category certain characteristics that are
probabilistically indicated by membership in the category, but that still may not
be possessed by a particular member of the category,” Schauer (2006).

▶ [Most] “actuaries cannot think of individuals except as members of groups”
claimed Brilmayer et al. (1979). Each individual is assigned the same value as all
other members of the group to which it is assigned. See also Mowbray (1921) or
Bailey and Simon (1960), or more recently Board (2005) and Finger (2006).

▶ Nevertheless, insurers also consider personalization , Barry and Charpentier
(2020) or Lemmens et al. (2024) (on personalization)
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AI = data + models
General context, AI is (big) data + (black box) models

First problem with “big data” has to do with proxy discrimination

“OK, let’s not use race, but should we use zip code, which of course is a proxy for
race in our segregated society?,” O’Neil (2016).

It is possible to predict the “race” based on non-protected variables, e.g. names and
geolocation, see “Bayesian Improved Surname Geocoding (BISG)”, Elliott et al.
(2009), Imai and Khanna (2016)

y urban age race
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...
...

...
...
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...

y urban age zip lastname model credit
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...
...

...
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...
...

...
...

...
...

...
...

...

Proxy problems are more complicated, and related to collected information , see
Antonio and Charpentier (2017).
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AI, Proxy and Generalization
On a French motor dataset, average claim frequencies are
8.94% (men) and 8.20% (women).

Consider some logistic regression to estimate annual claim
frequency, on k explanatory variables excluding gender.

men women
k = 0 8.68% 8.68%
k = 2 8.85% 8.37%
k = 8 8.87% 8.33%
k = 15 8.94% 8.20%
empirical 8.94% 8.20%

Models simply tend to reproduce what was observed in
the data, clausula rebus sic stantibus (”with things
thus standing”) −→ generalization
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AI, Proxy and Generalization

Multiple publications on insurance, discrimination and data
(without discussing further statistical learning and models)

Charpentier and Suire (2025) The insurance market in the era of digital transitions: Relationships between insurers,
big tech, and insurtechs. Society Of Actuaries Research Institute
Côté and Charpentier (2025) Moral Maze. The Actuary
Charpentier (2025) Les paradoxes de la segmentation et de la discrimination en assurance. Risques.
Barry and Charpentier (2023b) Y-a-t-il une discrimination contre les pauvres ? Risques
Barry and Charpentier (2024) Partage des données, à qui profite le crime ? Risques
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ML, Interpretability and Calibration
▶ Actuaries were using econometric techniques (Generalized Linear Models)

then started using machine learning , see Charpentier et al. (2018)

▶ Problems of transparency and interpretability , see e.g., Delcaillau et al.
(2022) and Goethals et al. (2023)

▶ Some concepts in actuarial science are over-rated , e.g., accuracy
Some concepts in actuarial science are under-rated , e.g., calibration

“When we speak of the ‘probability of death’, the exact meaning of this
expression can be defined in the following way only. We must not think of an
individual, but of a certain class as a whole [...], The phrase ‘probability of
death’, when it refers to a single person, has no meaning for us at all,” von
Mises (1928, 1939), see also single-case interpretation of probability in
Reichenbach (1971).
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ML, Interpretability and Calibration
As in Denuit et al. (2021), consider claims (annual) frequency in motor insurance,

m̂glm m̂gam m̂gbm m̂rf

average m̂(x)’s 0.0875 0.0877 0.0875 0.0886
10% quantile 0.0295 0.0288 0.0508 0.0006
90% quantile 0.1589 0.1612 0.1321 0.4073

First desirable property, global balance , E(Y ) = E(m̂(X))

average loss
average premiumAnother desirable property, local balance ,

E(Y | m̂(X)) = E(m̂(X) | m̂(X)) = m̂(X)

Calibration curve (for probabilistic scores) is defined as

g :
{

[0, 1]→ [0, 1]
p 7→ g(p) := E[Y | m̂(X) = p]
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ML, Interpretability and Calibration
Distribution of m̂(xi)’s, for a plain logistic regression, GAM additive model, gradient
boosting (sequential learning) and random forest.

m̂glm m̂gam m̂gbm m̂rf

average m̂(x)’s 0.0875 0.0877 0.0875 0.0886
10% quantile 0.0295 0.0288 0.0508 0.0006
90% quantile 0.1589 0.1612 0.1321 0.4073
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ML, Interpretability and Calibration

Evolution of the (estimated) calibration curve , p 7→ E[Y |m̂(X) = p]
where m̂(x) is a predicted claims (annual) frequency, for a plain logistic regression,
GAM additive model, gradient boosting (sequential learning) and random forest.

Even if calibration is an important property in insurance pricing (see also Baumann
and Loi (2023)), there are no guarantees for most machine learning models.
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ML, Interpretability and Calibration

Multiple publications on insurance and “predictive analytics”
Aas et al. (2025) Insurance analytics: prediction, explainability and fairness. Annals of Actuarial Science
Fernandes Machado et al. (2024c) Probabilistic scores of classifiers, calibration is not enough. arXiv:2408.03421
Fernandes Machado et al. (2024b) Post-calibration techniques: Balancing calibration and score distribution align-
ment. Thirty-Eighth Annual Conference on Neural Information Processing Systems (NeurIPS)
Fernandes Machado et al. (2024a) From uncertainty to precision: Enhancing binary classifier performance through
calibration. arXiv:2402.07790
Il Idrissi et al. (2025) Unveil Sources of Uncertainty: Feature Contribution to Conformal Prediction Intervals. Forth-
coming
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Spectrum of Fair Predictors

“What is unique about insurance is that even statistical discrimination which by
definition is absent of any malicious intentions, poses significant moral and
legal challenges. Why? Because on the one hand, policy makers would like
insurers 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 between risky and non-risky insureds. But riskiness often
statistically correlates with the same characteristics policy makers would like to
prohibit insurers from taking into account. ” Avraham (2017)

“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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Spectrum of Fair Predictors

demographic parity ←→ Ŷ ⊥⊥ S → E[ Ŷ | S = A ] ?= E[ Ŷ | S = B ]
score ŷ

sensitive sensitive

(see Hertweck et al. (2021))

or a stronger condition, ( Ŷ | S = A )
?
L= ( Ŷ | S = B )

equalized odds ←→ Ŷ ⊥⊥ S | Y → E[ Ŷ | Y = y , S = A ] ?= E[ Ŷ | Y = y , S = B ]
score ŷ

outcome y

(see Heidari et al. (2019))

calibration ←→ Y ⊥⊥ S | Ŷ → E[ Y | Ŷ = u , S = A ] ?= E[ Y | Ŷ = u , S = B ]
score ŷ

outcome y

(see Baumann and Loi (2023))
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Spectrum of Fair Predictors

Multiple publications on definitions of “fair price” for insurance premiums
Côté et al. (2024) A fair price to pay: exploiting causal graphs for fairness in insurance. Journal of Risk and Insurance.
Côté et al. (2025b) Selection bias in insurance: Why portfolio-specific fairness fails to extend market-wide. SSRN
Côté et al. (2025a) A scalable toolbox for exposing indirect discrimination in insurance rates. Submitted
Moriah et al. (2024) Measuring and mitigating biases in motor insurance pricing. European Actuarial Journal
Charpentier (2024b) Quantifying fairness and discrimination in predictive models in Machine Learning for Economet-
rics and Related Topics. Springer

Two applications and two focuses
▶ moving from group fairness to individual fairness
▶ mitigation in the context of demographic parity
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Interpretability and Counterfactuals
▶ Regulatory perspective, group fairness (discussed previously)

▶ Policyholders perspective, individual fairness
A decision satisfies individual 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.”
▶ also named counterfactual fairness in Kusner et al. (2017), and should be

related to classical causal inference problem, (conditional) average treatment
effect (the treatment being the sensitive attribute),

“other things being equal” ? ceteris paribus ? See “revolving variable” in
Kilbertus et al. (2017).

▶ 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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Interpretability and Counterfactuals
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Interpretability and Counterfactuals

Interpretability and explainability are important whem dealing with discrimination,
Goethals et al. (2023, 2024). See also Karimi et al. (2020) and Tokpo and Calders
(2023) for counterfactual explanations. Von Kügelgen et al. (2022) Majumdar et al.
(2025) used also a causal framework to discuss fairness issues.

As De Lara et al. (2024), we used techniques based on Optimal Transport

Charpentier et al. (2023a) Optimal transport for counterfactual estimation: A method for causal inference. in Opti-
mal Transport Statistics for Economics and Related Topics, pages 45–89. Springer
Fernandes Machado et al. (2025b) Sequential conditional transport on probabilistic graphs for interpretable counter-
factual fairness. 39th Annual AAAI Conference on Artificial Intelligence.
Fernandes Machado et al. (2025a) Optimal transport on categorical data for counterfactuals using compositional
data and Dirichlet transport. 34th International Joint Conference on Artificial Intelligence (IJCAI)

We used causal graphs to derive an interpretable transport map.
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Mitigation
In insurance, we usually observe differences among protected groups, e.g. Sauce et al.
(2023) and Moriah et al. (2024). Can we mitigate such discrimination?

▶ we can consider in processing approaches, as Zafar et al. (2017a,b, 2019)
(add a fairness penalty in the learning optimization problem)

▶ we can consider post processing approaches.

▶ individual in group A
with a score ŷ(A) = 60%
corresponding to quantile α
(here 0.5)

▶ in group B , the same
quantile α

corresponds to ŷ(B) = 40%
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Mitigation
One can consider Wasserstein barycenter (and the associated transport mapping)
to distort unfair predictors, and mitigate discrimination of models.

Strong mathematical guarantees, discussed in Le Gouic and Loubes (2017), and then
Chzhen et al. (2020a,b), Chzhen and Schreuder (2022), Gaucher et al. (2023), Denis
et al. (2024), Krco et al. (2023).
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Mitigation

Multiple publications on the use of Wasserstein barycenter to mitigate
discrimination, including discussions about multiple sensitive attributes.

Fernandes Machado et al. (2025c) Equipy: Sequential fairness using optimal transport in Python. ArXiv:2503.09866
Hu et al. (2023b) Parametric fairness with statistical guarantees. ArXiv:2310.20508
Charpentier et al. (2023b) Mitigating discrimination in insurance with wasserstein barycenters. bias. 3rd Workshop
on Bias and Fairness in AI, International Workshop of ECML-PKDD.
Hu et al. (2023a) Fairness in multi-task learning via wasserstein barycenters. Joint European Conference on Machine
Learning and Knowledge Discovery in Databases – ECML PKDD
Hu et al. (2024) A sequentially fair mechanism for multiple sensitive attributes. 38th Annual AAAI Conference on
Artificial Intelligence.
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Mitigation?
▶ 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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Conclusion?

▶ Thanks to this three-year funding by the SCOR
Foundation for Science, a lot of work has been done,

▶ 18 months gone, 18 months to go
▶ Amazing team of collaborators, postdoctoral fellows,

students and interns, in Montréal (Canada)

This was only the introduction to the workshop, the most
interesting part is yet to come, we just had a glimpse of
the main themes that will be discussed all during the day...
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Conclusion?

To follow our work, see our newsletter, every 6 months...
https://foundation.scor.com/funded-projects/fairness-predictive-models-application-insurance-markets
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? Risques, (110).
Arrow, K. J. (1963). Uncertainty and the welfare economics of medical care. The American Economic

Review, 53(5):941–973.
Avraham, R. (2017). Discrimination and insurance. In Lippert-Rasmussen, K., editor, Handbook of the

Ethics of Discrimination, pages 335–347. Routledge.
Bailey, R. A. and Simon, L. J. (1960). Two studies in automobile insurance ratemaking. ASTIN

Bulletin: The Journal of the IAA, 1(4):192–217.
Barry, L. and Charpentier, A. (2020). Personalization as a promise: Can Big Data change the practice

of insurance? . Big Data & Society.
Barry, L. and Charpentier, A. (2023a). Melting contestation: insurance fairness and machine learning.

Ethics and Information Technology, 25(4):49.

ø @freakonometrics § freakonometrics freakonometrics.hypotheses.org – Arthur Charpentier, May 2025, SCOR Foundation for Science 25 / 25

https://mastodon.social/@freakonometrics
https://freakonometrics.github.io/
https://freakonometrics.hypotheses.org/


References
Barry, L. and Charpentier, A. (2023b). Y-a-t-il une discrimination contre les pauvres ? Risques.
Barry, L. and Charpentier, A. (2024). Partage des données, à qui profite le crime. Risques.
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