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“Technology is neither good nor bad; nor is it neutral.”

(Fictitious maps, inspired by Home Owners’ Loan Corporation map, 1937, “redlining”)
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Direct (intentional) discrimination / indirect (statistical) discrimination / neutrality

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

Charpentier (2024) Insurance: Biases, Discrimination and Fairness. &
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What is an “actuary”?

» actuarial 7

“To be an actuary is to be a specialist in general-
ization, and actuaries engage in a form of decision
making that is sometimes called actuarial. Actuar-
ies guide insurance companies in making decisions
about large categories that have the effect of attribut-
ing 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).
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generalization is the stock in trade of the insurance in-
dustry. Indeed, the insurance industry has its own name
for this kind of decisionmaking. To be an actuary is to be
a specialist in generalization, and actuaries engage in a
form of decisionmaking that is sometimes called actuar-
ial. Actuaries guide insurance companies in making de-
cisions about large categories (teenage males living in
northern New Jersey) that have the effect of attributing
to the entire category certain characteristics (carelessness
in driving) that are probabilistically indicated by mem-
bership in the category, but that still may not be pos-
sessed by a particular member of the category (this
particular teenage male living in northern New Jersey).

Occasionally the actuarial g lizations of the in-
surance industry become controversial. One example is
the use of generalizations about the comparative safety
of different neighborhoods as a basis for setting the rates
for homeowners’ insurance or determining the willing-
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Pricing and “fair contribution”

“Insurance is the contribution of the many to the misfortune of the few”
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Following Arrow (1963), “actuarially fair premiums” = “expected losses”
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Pricing and “fair contribution”
» 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)

premium

policyholder

¥ 7/
AN indemnity , 7

7
7
-
-
- - -

» Actuarial Fairness is about the balance of this risk transfer

W Ofreakonometrics €) freakonometrics  freakonometrics.hypotheses.org — Arthur Charpentier, 2025, Lima, Perti 5 /23


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

Pricing and “fair contribution”

“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

QL] » what is “expected losses"?

E(Y) or E(Y | X)?
and what should be X?
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Discrimination 7

“In many contexts, the term “discrimination” automatically carries a negative
evaluation of the relevant act or practice. In other contexts, the term is neutral,
and to say that someone discriminates is simply to say, roughly, that he
distinguishes, or differentiates, leaving it an open question whether this is bad,”
Lippert-Rasmussen (2006), citing Singer (1978).

» A neutral version

“Discrimination is the act, practice, or an instance of separating or
distinguishing categorically rather than individually,” Merriam-Webster (2022).

“Discrimination is the process of making prejudicial distinctions between
people based on the groups, classes, or other categories to which they belong or
are perceived to belong,” Wikipedia.
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Probability, Group vs. Individuals

From the law of large numbers, with i.i.d. random variables

—ZY E[Y]or—ZlYeA)—> PlY € A].

i=1

n

> Yi-1(X; € B)

=L &, E[Y | X € B].
n—oo
> 1(X; € B)
i=1
but can we will write
n

L 225 B[Y | X =x].
n— o0
Z 1(X; = x)
i=1
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From “accuracy” to “calibration”

“If we are asked to find the probability holding for an in-
dividual future event, we must first incorporate the case
in a suitable reference class,” Reichenbach (1971)

“When we speak of the ‘probability of death’, the exact
meaning of this expression can be defined in the follow-
ing way only. We must not think of an individual, but of
a certain class as a whole, e.g., ‘all insured men forty-one
years old living in a given country and not engaged in
certain dangerous occupations’. A probability of death
is attached to the class of men or to another class that
can be defined in a similar way. The phrase ‘probabil-
ity of death’, when it refers to a single person, has no
meaning for us at all,” von Mises (1928, 1939)
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THE THEORY OF
PROBABILITY

An Inquiry into the Logical and Mathematical
Foundations of the Calculus of Probability

By HANS REICHENBACH
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§71. Attempts at a Single-Case Interpretation
of Probability

After the discussion of the frequency meaning of probability, the investigation
must turn to linguistic forms in which the concept, of probability refers to an
individual event. It is on this ground that the frequency interpretation has
been questioned. Some logicians have argued that such usage is based on &
different concept of probability, which is not reducible to frequencies. Is the
existence of two di pts of probability an i ble consequence
of the usage of langusge?

‘The first intcrpretation of the probubility of single events is the degree of
ezpectation. with which an cvent is anticipated. The fecling of expectation
certainly represents a psychological factor the existence of which is indispu-
table; it oven shows degrees of intensity corresponding to the degrees of prob-
ability. Difficulty, however, arises from the fact that the degree of expoctation
varies from person to person and depends on more factors than the degree of
the probability of the event to which the expectation refers. Apart from the
probability of an event, emotional associations will influence the fecling of
expectation. If it is a desirable event, as, for instance, the passing of an
examination, optimistic persons will anticipate it with too-certain cxpecta-
tions, whereas pessimistic persons will think of it in terms of too-uncertain
expectations.
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From “accuracy” to “calibration”

As explained in Van Calster et al. (2019), "among patients
with an estimated risk of 20%, we expect 20 in 100 to
have or to develop the event,”

e If 40 out of 100 in this group are found to have the
disease, the risk is underestimated

e If we observe that in this group, 10 out of 100 have the
disease, we have overestimated the risk.

The prediction m(X) of Y is a well-calibrated prediction if

20 out of 100 (proportion y = 1)

E[Y|Y=y]=7y,V
1

estimate risk y = 20%
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Several definitions of “fairness” or “non-discriminatory”

sensitive

- l ? N
demographic parity - E[Y |S=A] = E[Y|S=B]
score y

outcome y

o P
equalized odds — E[Y|Y=y,S=A] = E[Y|Y=y, S=B],Vy
score y
outcome y
- 1 o
calibration — E[Y |Y=u,S=A] = E[Y|Y=u,S=B],Vu
score y T
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Isn't it a problem to have several definitions?

From Feller et al. (2016),

e for White people , among those who did

not re-offend (y),
classified (y),

e for Black people , among those who

did not re-offend , 42% were wrongly

classified ,
e Problem, since 42% >

P[ Y = high | ¥ =no, S = black] = 42%

were wrongly

o
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Isn't it a problem to have several definitions?

From Dieterich et al. (2016), % E Black whe
e for White people , among those who were g o | Did not
classified as high risk (), did not E - .
re-offend (y), E g - .
e for Black people , among those who were E
classified as high risk (y), 35% did not g 57
re-offend (y), o o o
1 1
e No problem, since 35 =~ Low  High Low  High
Risk Category
~ ? ~
P[Y=no|Y =high, S=black]=35% = P[Y=no|Y =high, S= | =
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s it always possible to have a sensitive-free model (with respect to ...)?

For decisions (y € {0,1}, e.g., “obtain a loan"),

!

~ ? ~
demographic parity - P[Y=1|S=A] = P[Y=1|S5=8]

decision y

those decisions are usually based on scores, and thresholds

;
demographic parity — E[m(X,S) > t|S=A] = E[m(X,S) > t|S=1]

T score m T

One can achieve demographic parity, simply selecting different thresholds

2
demographic parity — E[m(X,S) > ta|S=A] = E[m(X,S) > t: | S=E]
(with that strategy, usually impossible to achieve equalized odds)
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Discrimination, with different perspectives

> 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 “treatement” being the sensitive attribute),

“other things being equal” ?ceteris paribus ? See “revolving variable” in
Kilbertus et al. (2017). Consider a men (s = A) with height x = 6’3 (or 190 cm).
If that person had been a women (s = ) would she have height x = 6’3 ?

(hint: no, consider similar quantiles, as discussed previously, see Charpentier et al.
(2023))
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Discrimination, with different perspectives

Consider measures vy and v; on Zy 271, compact subsets of RY.
There exists T such that 11 = Ty, where vg is atomless (Tyvo(B) = vo(T~1(B))).

As shown in Villani (2003) and Santambrogio (2015), we can be interested in
“optimal” mappings, satisfying Monge problem, from Monge (1781), i.e., solutions of

inf ¢(zo, T(z0))ro(dzo) , (1)
Tyvo=11 J 2,

for some positive ground cost function ¢ : Zg X Z; — R

In dimension 1, the optimal mapping T* (if kK > 1) is non-decreasing, i.e.,

Fi(z) = u:((—
71 = T*(z) = Q1 0 Fo(z0) where i(2) ’ujg(l OO’Z]_)
Qi(u) = F~(u) =inf{t e R: Fj(t) > u}
T* := @1 o Fp is a non-decreasing mapping R — R.
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Discrimination, with different perspectives
Following Kitagawa (1955), Oaxaca (1973), Blinder (1973)

Ya=X,Ba+ca, E[lealXa] =0, in group A,
, E[eg|XB] =0, in group

or synthetically Ys = X{ B85 +es. Write Ys = E[Ys] and Xs = E[X].
The overall disparity between groups A and B is

- - T T
Ay =Ya—Yg=X,Ba— XgBs.

B* = B, (Oaxaca's version): Ay = (X4 — Xg)' B4+ )_(;(,BA - Bg)

Sidenote: see also Tierny et al. (2025)

{,8* = B (Blinder's version): Ay = (X4 — X5)"8g + )_(X(BA —Bg)
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Discrimination, with different perspectives

Visualization of Oaxaca-Blinder decomposition of y4 — ¥, as xA(ﬁA — ﬁB) and
(Xa — xB)ﬁB on the left, and XB(ﬁA - ﬁB) and (Xa — XB)BA (on the right).
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Individual Fairness and Potential Outomes

sensitive
P[Y =yes|A=white, X=x] = P[Y =yes|A=black , X =x], Vx
T having surgery T

e.g., x is the “weight of the baby" (at birth), in g.
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Discrimination, with different perspectives
sensitive
P[ Y = yes | A = white , X = x] L P[Y =yes| A=black, X = x*], Vx
T having surgery T

e.g., x is the “weight of the baby" (at birth), in g.
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| | } ; ; —] N
g g T
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- z 8
g € z
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Discrimination, with different perspectives

See Charpentier et al. (2023)

“ceteris paribus difference” : m(A=1,X=x) — m(A=0,X = x)

{”mutatis mutandis difference” : m(A=1,X = T3, (x)) —m(A=0,X = x)
suggested also in Plecko and Meinshausen (2020),Plecko et al. (2021) and De Lara
et al. (2024). We need to transport X|A =0 to X|A = | (multivariate transport).

» ok if we assume that X|A ~ N (p,, X,): x*(1) = T, (x) = p + M(x — pp),
where M is a symmetric positive matrix that satisfies MX oM = X

» ok if we consider individual empirical coupling, : x} = ?'O*H (xi)
but we cannot get T2, (x) if x is not an observed individual (in group 0).

» we can consider sequential conditional univariate transport (even if not optimal...)
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“The myth of the actuary” (objectivity vs. subjectivity)

» The rhetoric of insurance exclusion — numbers, objectivity and statistics — forms
what Brian Glenn calls “the myth of the actuary,” “a powerful rhetorical
situation in which decisions appear to be based on objectively determined
criteria when they are also largely based on subjective ones” or “the
subjective nature of a seemingly objective process.” “Virtually every aspect
of the insurance industry is predicated on stories first and then numbers,”
Glenn (2000, 2003)

» Importance of interpretation and explainability of models
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Conclusion (?)

» dealing with discrimination in insurance is tricky
since actuarial pricing is deeply related to the idea
of focusing on groups, and not individuals

> if we do not address properly those questions, there
is no way we can get fair models

» not collecting and not using protected attributes is
clearly not a good strategy

P there are still important questions that should be
addressed by regulators, that should provide
guidelines

To go further, Charpentier (2024) Insurance, Biases,
Discrimination and Fairness. Springer.
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