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

I actuarial ?

“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-

| @freakonometrics [frdakonometrics freakonometrics.hypotheses.org — Arthur Charpentier, ESSEC Singapore, January 2026 1/57


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”
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Following Arrow (1963), “actuarially fair premiums” = “expected losses”
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Pricing and “fair contribution”
I 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”
I Insurance is a risk transfer (from a policyholder to an insurance company)
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I Actuarial Fairness is about the balance of this risk transfer
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Pricing and \fair contribution”

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

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

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

I what is \expected losses'?
E(Y) or E(Y j X)?
and what should beX?

policyholder
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Discrimination ?

“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 thisis 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

I A moral / legal version
No de nition, but consider some \sensitive attributes"
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Discrimination ?
We will use Quebec's Charter of Human Rights and Freedon&l(®) as our reference
list of \sensitive" characteristics.

until June 2018, Saudi Arabia was the only country in wh women were
forbidden by law from operating motor vehicles, [1]

since 2019, in Russia 79 jobs are still forbidden women (456 before),
re ghting, mining, diving as well as repairing steam boilers and stoves, [2]

since 1943 National Pact, the Lebanese constitution and laws allocate top political
posts by religious community [3], as well as parliamentary seats [4]

since 2018, New Zealand amended its Overseas Investment Act to ban most
foreign nationals from purchasing existing homes [5], [6]

ICAO (International Civil Aviation Organization) sets a glok maximum age of
65 for commercial airline pilots in multi-pilot operations

, iIn France, Operational re ghters face mandatory retirement at

maximum age of 57, Lahey (2010)
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Direct Discrimination (in Insurance)

| Race / Color / Ethnic or National Origin

Explicit prohibitions :
- European Union Racial Equality Directive (2000/43/EC), prohibits discrimination on
grounds of racial or ethnic origin [7]
- UK parliamentary brie ng on insurance and discrimination, does not permit race or
ethnic origin to be used as a di erentiating factor in insurance pricing, [8]
NAIC materials and state statutes commonly ban use of race, color and national
origin as rating factors or grounds for refusal/cancellation [9]

Explicit authorizations : none
I Sex (biological sex)

Explicit authorizations

- EU (pre-2012) { Directive 2004/113/EC, Article 5(2) allowed Member States to
permit sex-based di erences in premiums and bene ts where sex is a \determining
factor" and \supported by relevant actuarial/statistical data" [10]
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Direct Discrimination (in Insurance)

- Canada (Ontario) { Human Rights Code§22: Express carve-out: an insurer may
distinguish based on age, sex, marital/family status or disability in auto, life,
accident & sickness, disability insurance and life annuities, if the distinction is
\reasonable and bona de" and \based on actuarial or related data", [11]

- Quebec { Charter of Human Rights and Freedon§20.1 (C-12) : Distinctions based
on 'age, sex or civil status' in insurance or pension contracts are \deemed
non-discriminatory" if warranted and grounded in actuarial risk factors, [12]

- Australia { Sex Discrimination Act 1984 (Cth)841 :Discrimination on the ground of
sex, marital status or pregnancy is \not unlawful in insurance" if \based on
actuarial/statistical data" it is reasonable to rely on, and the discrimination is
reasonable having regard to that data [13]

Explicit prohibitions / later bans

- ECJ held Art. 5(2) invalid; from '21 Dec 2012', insurers in the EU \may no longer
use sex as a factor" in calculating premiums/bene ts [14]

- UK { Equality Act 2010 (Sex discrimination in insurance)' Speci ¢ exemption
permitting gender-sensitive pricing was removed by the Equality Act 2010
(Amendment) Regulations 2012 to comply wiffest-Achats[15]
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Direct Discrimination (in Insurance)

| Gender identity / Gender expression
Explicit prohibitions
| District of Columbia (US) { Code§31-1610 : Provides that 'sexual orientation or
gender identity or expression may not be used as a factor in the underwriting process
or determination of insurability in certain insurance products, [16]

- Texas (US) { Admin. Code§21.704 (Unfair Discrimination)' For life/health
insurance applications, insurers may not make inquiries directed at determining
sexual orientation; sexual orientation \may not be used" in underwriting or
insurability decisions (closely linked in practice to gender-identity protections).[17]

- Colorado (US) { SB 21-169 (2021) : First-in-the-US statute targeting unfair
discrimination from algorithms and external data in insurance; protects against
discrimination based on race, color, 'national or ethnic origin, religion, sex, sexual
orientation, disability, gender identity and gender expression' [18]

Explicit authorizations : none
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Indirect Discrimination and Proxies (in Insurance)

“If a target variable is associated with a protected characteristic, any

suf ciently accurate predictive model will reproduce this association, even if a
protected characteristic is excluded from the training data, it can often still be
inferred (implicitly) through correlations with other features, " Weerts et al.
(2024)

Article 9 GDPR | Special categories of personal datérocessing of personal data
revealing racial or ethnic origin, political opinions, religious or philosophical
beliefs, or trade union membership, and the processing of genetic data,

biometric data [...] health data or data concerning a person's sex life or sexual
orientation shall be prohibited "

but also EDPB (European Data Protection Board), Guidelines :

“according to the jurisprudence of the CJEU, the relevant question is whether it
is objectively possible to infer sensitive information from the data processed,
irrespective of any intention of actually doing so... " [19]
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Indirect Discrimination and Proxies (in Insurance)

“if you can infer relevant information with a reasonable degree of certainty then
it's likely to be special category data even if it's not a cast-iron certainty " [20]

I \Race" : Postal code / neighborhood (racially segregated areas), credit score /
credit history, housing type or housing condition, Vehicle value or age, education
level

| Sex : Marital status, number of children / dependents, occupation (e.g., nursing
vs. construction), vehicle use patterns (commuting vs. leisure), health-related
behavioral indicators (e.g., preventive checkups via health data)

I Gender identity / gender expression : Medical treatment codes (if
health-related data available), name-based gender inference (machine learning
bias), employment in LGBTQ+ community organizations, frequent address
changes (higher housing instability among LGBTQ+ persons),
mental-health-related claims histories
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Indirect Discrimination

I Postal code / neighborhood , standard rating factor in motor and home
insurance, worldwide.

Strong proxy for race, ethnicity, income, social condition in countries with
residential segregation (US, UK, etc.), [46]

- authorization / common practice

I United States { state insurance law : Territorial rating (by ZIP code, territory,
garaging address) is explicitly allowed in most state insurance statutes and rate- ling
practices for auto and homeowners insurance. Not usually mentioned by name in
statutes, but: allowed as long as rates are not \unfairly discriminatory" (standard
wording in state rating laws).

I EU (motor/home) : Territorial risk is accepted as a legitimate factor; EIOPA's Big
Data Analytics review notes widespread use of demographic and location data in
motor and health insurance, [47]

- Restrictions / bans / anti-redlining hooks
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Indirect Discrimination

I US Fair Housing Act (FHA) : Courts and scholars have treated homeowner's
insurance as covered by the FHA,; redlining (denying or surcharging insurance
because of the racial composition of a neighbourhood) can violate FHA's ban on
race / national-origin discrimination, [48]

I Colorado SB21-169 (2021) : { Protecting Consumers from Unfair Discrimination in
Insurance First US law directly targeting ‘unfair discrimination from external
consumer data and predictive models', including location-based data. Insurers must
test models so that use of external data (like ZIP codes) does 'not' result in unfair
discrimination based on race, colour, national origin, etc, [49]

I NAIC , regulators and academic work explicitly call ZIP codes and credit scores
\subtle proxies for unfair discrimination," especially racial discrimination in the US,
[50]

Credit score, widely used in US auto and home insurance as \credit-based
insurance scores."

Proxy for 'income, social condition, race/ethnicity’ due to historical inequities in
credit markets, [60]
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Indirect Discrimination

- authorization

I Legal and common in most US states ; NAIC notes correlation between credit
characteristics and insurance risk, [61]

- Restrictions / bans'

I California, Hawaii, Massachusetts, Michigan (and some restrictions in Maryland,
Oregon, Utah) { bans or strong limits on use of credit history in auto rating /
underwriting., [62]

I Colorado SB21-169 { treats credit-based scores as external consumer data; they may
not lead to unfair discrimination for race, colour, national origin, etc, [63]

I Diplomas / education level , common in US motor insurance (education &
occupation discounts).

Proxy for income, social class, sometimes race/ethnicity.
- authorization

I Generally allowed in US P&C insurance; regulators often accept it if actuarially
justi ed (correlation with claim frequency).
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Indirect Discrimination

- Restrictions

I Some US regulators have questioned or limited education / occupation as \unfairly
discriminatory" :

| State DFS (e.g. New York ) has issued guidance telling insurers to justify that
non-traditional factors (education, occupation) do not produce unfair discrimination;
this is aligned with NAIC model Al bulletin and circular letters on external data, [64]

I Under Colorado SB21-169 , education is clearly external consumer data and must be
tested for disparate impact, [65]

could be proxies for
Here we fear that other observed variables protected sensitive variables

but in many cases protected sensitive variables non observed variables
could be proxies for
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Using Sensitive Variables as Proxies

In the sense of Becker (1957), Phelps (1972) who claim that proxy-based decisions
maximize expected utility under information scarcity

| Race / Colour / Ethnic or National Origin , proxying Residential segregation
patterns (unobserved exposure to crime, tra ¢ density, road quality), access to
preventive healthcare (unobserved comorbidity risk), average car usage conditions
(commuting length, night-time driving frequency), Environmental exposures
(pollution, heat islands, housing quality)

| Sex / Gender Identity / Gender Expression , proxing Driving patterns
(unobserved): mileage, night driving, urban vs. rural driving, aggression /
speeding frequency, Occupational patterns: industry-speci c risk exposures (e.g.,
construction vs. caregiving), Biological risk factors: injury biomechanics, average
body mass distribution (relevant for life/health), Household responsibility patterns
(unobserved time behind the wheel (e.g., school commutes))

Note that all those issues have to do with explainability and interpretability...
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So \actuarial fairness" has to do with \accuracy"?

Following Arrow (1963), ®actuarially fair premiums " =\ expected losses
I but still, there is no \aw of one price" in insurance, Froot et al. (1995)
I with di erent models and di erent portfolio, we can have two di erent premiums

| estimating \expected losses' means maximizing &ccuracy"

average losses / empirical losses
nqx ,0 | n 0
y =argmin — Vi or E[Y] =argmin E (Y )?
2R N4 2R

T least squares

i.e. we want to minimize the error between observed logemnd predictionsp.

n (o}
EYjX=x = ?(x)where *= argmin E(Y (X)?

measurable
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So \actuarial fairness" has to do with \accuracy"?

I more generally than(y;#)= y ¥ 2, consider Bregman losses

(i) ="(y) "B A9 y ¥ for some di erentlable convex functioh
EYjX=x = ?(x)where = argmin E (Y (X))
measurable

I if Y has a distribution in the exponential famil Generalized Linear Model

YjX f(yj; )=exp y7b()+c(y;) : where = E[Y jX = x]= bY ):

then (y; )= b( ( )) is a Bregman loss
I if Y is binaryf0;1g, E[Y j X = x]= PY =1jX = X
I how could we assessiif= 12:248635% is accurate or not ?
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From \accuracy" to \calibration"

“If we are asked to nd the probability holding for an in-
dividual future event, we must rst 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 de ned in the follow-
ing way only. We must not think of an individual, but of
a certain class as a wholg 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 de ned 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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From \accuracy" to \calibration"

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

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

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

The predictiontm(X) of Y is a well-calibrated prediction if
20 out of 100 (proportiony = 1)

EY =9 =9, 8p

estimate riskp = 20%
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From \accuracy" to \calibration"

“Suppose the Met Of ce says that the probability of rain tomor-
row in your region is 80%. They aren't saying that it will rain

in 80% of the land area of your region, and not rain in the other
20%. Nor are they saying it will rain for 80% of the time. What
they are saying is there is an 80% chance of rain occurring at
any one place in the region, such as in your garden. [...] A fore-
cast of 80% chance of rain in your region should broadly mean
that, on about 80% of days when the weather conditions are
like tomorrow's, you will experience rain where you are. [...] If

it doesn't rain in your garden tomorrow, then the 80% forecast
wasn't wrong, because it didn't say rain was certain. But  if you
look at a long run of days, on which the Met O ce said the
probability of rain was 80%, you'd expect it to have rained on
about 80% of them .” McConway (2021)
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From \accuracy" to \calibration"

This concept goes beyond the simple issue of personalization (discussed in Barry and
Charpentier (2020))

There are usually classical assumptions for \mod ¥ |,

| (globally) well balancedE ¥ =E Y

premium collected losses paid
| (locally) well balancedE ¥ =% =E Y ¥ =19 =¥, 8y (\calibration")

bglm ggam
averages(x)'s 0.0875 0.0877

10% quantile  0.0295 0.0288 0.0508 0.0006
90% quantile 0.1589 0.1612 0.1321 0.4073
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From \accuracy" to \calibration"
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Discrimination? Individual vs. Group Treatment

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

I \Ten Oever" judgement (Gerardus Cornelis Ten Oever v Stichting
Bedrijfspensioenfonds voor het Glazenwassers { en Schoonmaakbaudwjpril
1993), the Advocate General Van Gerven (1993) argued thhe fact that
women generally live longer than men has no signi cance at all for the life
expectancy of a speci ¢ individual and it is not acceptable for an
individual to be penalized on account of assumptions which are not certain
to be true in his speci ¢ case ,” as mentioned in De Baere and Goessens (2011).

I Schanze (2013) used the terminjustice by generalization ," from Britz (2008)
(" Generalisierungsunrecht")

I Actuarial pricing is essentially discriminatory... and unfair.
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\At the core of insurance business lies discrimination".

I "What is unique about insurance is that even statistical discrimination
which by de nition is absent of any malicious intentions, poses signi cant
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)

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 explicitly ask for ,” Kearns and Roth (2019)
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Several de nitions of \fairness" or \non-discriminatory"

sensitive

demographic parity! E[PjS=A ] “ E[PjS=05]
[ scorep |

outcomey

} ,, ]
equalized odds! E[®jY=y;:S=A] £ E[PjY=y;S=08]8y
i scorel i

outcomey

¢ —
calibration! E[Yj®=u;S=A] £ E[YjP=u;S=2]8u
i scorelp |
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Isn't it a problem to have several de nitions?

From Feller et al. (2016),
for White people , among those who did
not re-o end (y), were wrongly
classied (),
for Black people , among those who
did not re-o end , 42% were wrongly
classied,
Problem, since 42%

_— ? _—
P[P =highjY =no; S=bhlack]=42% = P[® =highjY =no; S=
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Isn't it a problem to have several de nitions?

From Dieterich et al. (2016),
for White people , among those who were
classi ed as high risk %), did not
re-oend (y),
for Black people , among those who were
classi ed as high risk %), 35% did not
re-oend (y),
No problem, since 35

. . ? . :
P[Y =noj¥ =high; S=black]=35% = P[Y =noj¥ =high; S=
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Is it always possible to have a sensitive-free model (with respect to ..

For decisions (¥ 2 f 0; 19, e.g., \obtain a loan’

!

. . . ? .
demographic parity! P[P =1jS=A] £ P[P =1jS=01]

), decisiony

those decisions are usually based smores and thresholds

9
demographic parity! E[m(X;S) > tjS=A] = E[m(X;S) > tjS=B]
T scorelm T

One can achieve demographic parity, simply selectiingrent thresholds

7
demographic parity! E[m(X;S) > tojS=A] = E[m(X;S) > tzjS=B]
(with that strategy, usually impossible to achieve equalized odds)
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Is it always possible to have a sensitive-free model (with respect to ..

Consider measures and 1 on Zg Z1, compact subsets oRY.

There existsT such that 1= T} o, where o is atomless T} o(B)= o T %(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
z h

i
inf 2 T(z)® o(dzo)= _inf E, Zo T(Zo)° &
Ty 0= 1 Zp Ty 0= 1

(that can be generalized to some positive ground cost functionZg Z ;! Ry) If

o and ; are not absolutely continuous (with respect to Lebesgue measure), there
might not be such deterministic mapping. This limitation motivates a relaxation of
Monge's problem, as considered in Kantorovich (1942),

z

inf 20 z1 2 (dzo;dzi) )
2( 01) ZoZ 1
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Is it always possible to have a sensitive-free model (with respect to ..

(ow on networks, via Harris and Ross (1955))
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Is it always possible to have a sensitive-free model (with respect to ..

Discrete matchingp = = 40 individuals in two groupsf zi;s = 0g and

o @freakonometrics 8 freakonometrics freakonometrics.hypotheses.org { Arthur Charpentier, ESSEC Singapore, January 2026 32/57



Is it always possible to have a sensitive-free model (with respect to ..

Wasserstein distance is de ned as the optimal transportation cost, whemnis the "
distance, fork 1, Wasserstein (1969),

z Z,
Wi o )%= inf 20 T(z)“ o(dzo)= jQu(t) Qo(u)j*du

] 0= 1
i.e., the optimal mappingr ? (if k > 1) is non-decreasing, i.e.,

(
Fi(z)= (1 ;7]

A= Tl= Qu Rl WSt o = F = int 1t 2 REFM)  ug

T?:= Q1 Fois anon-decreasing mappirg! R.
In higher dimension, some multivarite extensions of quantiles can be introduced to

keep this construction, see Hallin et al. (2021), Hallin and Konen (2024)
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Is it always possible to have a sensitive-free model (with respect to ..
For decisions (g 2 f 0; 1g, e.g., \obtain a loan"), we considered

: . . ? :
demographic parity! E[ N4 jS=A] = E[*a jS=EB1]

and we can consider the analogous farores (possibly used to assess premiums),

demographic parity!  E[tm(X;S)jS=A ] 2 E[m(X;S)jS=5]
scorey
I individual in group A
with a score B(A) = 60%

corresponding to quantile
(here 0.5)

I in group £, the same
quantile

corresponds tcB(2) = 40%
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Is it always possible to have a sensitive-free model (with respect to ..

I To get a fair model (eutral with respect to s), consider an average between
the two models,
score in group A with quantile

p° = PIS=A]l B(A) + PIS=0]  $(5)
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\In order to treat some persons equally, we must treat them di erently
| Supreme Court Justice Harry Blackmun stated, in 1978,

“In order to get beyond racism, we must rst take account of race. There is
no other way. And in order to treat some persons equally, we must treat
them di erently ,” Knowlton (1978), cited in Lippert-Rasmussen (2020)
To counteract disparate impact , intentional disparate treatment is necessary
See philosophical discussions abeutmative action , e.g., Rubenfeld (1997);
Pojman (1998); Anderson (2004)

I In 2007, John G. Roberts of the U.S. Supreme Court submits

“The way to stop discrimination on the basis of race isto  stop
discriminating on the basis of race,” Sabbagh (2007) and Turner (2015)

corresponds to the \colorblind" approach
Rejects any form o disparate treatment , even for corrective purposes, and
reproduction of historical inequalities will lead - disparate impact
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\Neutral with respect to some sensitive attribute?"

What does \eutral with respect to s" really means ?

We have seen that accuracy was assessed with respect to data in the portfolio,

nqx 50 n o]
y =argmin — Yi or E[Y] =argmin E (Y )?
2R N4 2R
based on observations from the insurer's portfolio. Technically, should we consider
| expected values / probabilities / independence properties based ¢portfolio)
| expected values / probabilities / independence properties base@damarket)

(ongoing work\Why portfolio-speci ¢ fairness should fail to extend market-wide:
Selection bias in insuranogith M.P. Cote & O. Cbte)

Should we ask for neutrality \in the portfolio” or for some \targeted population” ?
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Discrimination in the data, or in the model?
On a motor dataset, average claim frequencies are 8.94% (men) and (

Consider some logistic regression to estimate annual claim frequendy, explanatory
variablesexcluding gender.

k=0 k=2 k=8 k=15 empirical
men 8.68% 8.85% 8.87% 8.94% 8.94%
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Discrimination in the data, or in the model?
David Hume's \s-ought" problem, in Hume (1739)

what is observed, what istatistically normal
(x) = Ep[YjX = x] whereP is the historical probability
6 what should be, what we expect from arethical norm

(x) = Ep2[YjX = x] whereP? is some \fair" probability

“keep in mind that machine learning can only be used to memorize patterns

that are present in your training data. You can only recognize what you've seen
before. Using machine learning trained on past data to predict the future is
making the assumption that the future will behave like the past ,” Chollet (2021)

Classicaklausula rebus sic stantibus ("with things thus standing") in predictive
modeling (statistics and machine learning)
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Discrimination, with di erent perspectives

I Regulatory perspective,droup fairness" (discussed previously)

I Policyholders perspectivejndividual fairness"

A decision satis es individual fairness“ifiad the protected attributes (e.g., race) of
the individual been different, other things being equal, the decision would have
remained the same.”

I also named tounterfactual fairness" in Kusner et al. (2017), and should be
related to classical causal inference problem, (conditional) average treatment
e ect (the \treatement" being the sensitive attribute),

“other things being equal ” ? ceteris paribus ? See \resolving variable" in
Kilbertus et al. (2017). Consider a mers € A) with height x = 6% (or 190 cm).
If that person had been a womers € 1) would she have heighk = 6% ?

(hint: no, consider similar quantiles, as discussed previously, see Charpentier et al
(2023a))
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Discrimination with Linear Models

Following Kitagawa (1955), Oaxaca (1973), Blinder (1973)

(
Ya= Xi A+ "a; E['aiXal=0; in groupA;

; E["8jX8]=0; in group

or syntheticallyYs = X3 g+ "s. Write Ys = E[Ys] and Xs = E[Xg].
The overall disparity between grougsand B is

> >
Y=YA YB=XAA XBB

N
1

s (Blinder's version): v =(Xa Xg)” g+ Xal Ao )
A (Oaxaca's version): v =(Xa Xg)” a+Xa( A 8)
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Discrimination with Linear Models

Visualization of Oaxaca-Blinder decompositiony{ Vg, asxa(Pa  bg) and
(Xa Xg)P% on the left, andxg(Pa Pg) and (xa Xg)Pa (on the right).
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Discrimination via Wasserstein-2 (Linear Models)

Distance to demographic parity is quanti ed using average square (Wasserstein)
distance to the barycenter (see inertia):

U(m mi W2
= in o
(itm) PaR) Ps W2 s

If njs are Gaussianhl ( E;);( g))z), the barycenter ? is also Gaussian and

M M
UGlm) = ps ) E[ 1% ps ) E[ D]1%= VarE[mjS] + Varsd(mjS)
s=1 s=1 | {z ol {z
FMD SMD

}

see Tierny et al. (2025).
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Discrimination Decomposition (4 sources)
Consider a linear predictam, i.e.,
m(x;s) = h i+ s+ o (9= BXJ S = sk
(s):=Var(XjS=yg):
ThenE[mjS]=h (S); i+ S+ (and
FMD :=Var(E[inj S]) = V{ar(S? Yar(h{(78) |;+2 COVS{h (S); i}:

Dlrect mean Indirect mean Interaction

Further, since Vanmj S=s)= ~ ( s)
q_— q_—

SMD :=Var sd(mjS) = Var Z(S) = Var Z(S)

| {z

Indirect structural

y

See Tierny et al. (2025).

8§ freakonometrics freakonometrics.hypotheses.org { Arthur Charpentier, ESSEC Singapore, January 2026 44 | 57



Discrimination Decomposition and Kitagawa{Oaxaca{Blinder
Consider two group$ 2 f 0; 1g with p = P(S = 1) and a linear score.

The (predicted) mean gap is
=EMmjS=1] E[mjS=0]= + >
b [t j ] [ ] 2 | ( L o?
\direct"  \indirect" (composition)

This is exactly the Oaxaca{Blinder idea: decompose a mean di erence into a
direct/structural part (sensitive attribute) and ecompositionpart (covariate shift).

Our framework does not decompose the gap itself, bt distributional DP-disparity
For two groups, themean componenbf the Wasserstein/variance criterion satis es

; — 2.
Varg[mj S] = p(l p) {:
Hence, plugging g = D+ I withD:= andl:= ~( o) yields
VarE[mjS] = p(1 p) D?+ 12+2DI ;

which corresponds to thedirect mean (D?), indirect mean (12), and interaction
(2DI) terms in our decompaosition.
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Discrimination via Wasserstein-2 (Generalized Linear Models)
This can be extended to GLM (and GAM),
m(X;S)=h() (h=g !); where = hX; i+ S+ g

Set
~ _ p(s)= E[mjS=s];
Vo) :=Vars (S) *Vars w(S) g samjs= 5)

With ms= E[ jS= 8], bs=sd( jS=5s),a linearization (delta-method) leads to
ep(s) := h(ms); ep(s) == hYms) bs;

so that
B2 (i) = \I/afs {ezb(s)} +\|/afs f;ln(s)}
FMD SMD

see Tierny et al. (2026).
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Curvature (Iogit/log/...)]I : mean{structure coupling
SetM = mg, B := bg = > (S) ,m:= Eg[M], b:= Eg[B].

(
FMD =Vars h(M) ;
SMD = Vars hAM)B ;

Using Taylor expansiobetween groups

( 2
FMD  hqm) “Vars(M);
SMD  hqm) *Vars(B) + 2 h({m)h®®m)b Cows(M: B) + h%fm) b2 Varg(M)

Hence, ifh%6 0, disparities in mean 1) and structure B) couplevia Cog(M; B)
and could be ampli ed via V&(M).

Example logit. If h( )= ()=(1+ e ) L, with = (myanda= (1 ):
hqm) = a; h%m)= a1 2 ):
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What if we neither observe nor collect sensitive personal informadich (

September 27, 2023, the Colorado Division of Insurance exposed a new proposed
regulation entitled Concerning Quantitative Testing of External Consumer Data and
Information Sources, Algorithms, and Predictive Models Used for Life Insurance
Underwriting for Unfairly Discriminatory Outcomes. Use BfFSG (Bayesian
Improved First Name Surname and Geocoding), from Elliott et al. (2009).
Consider 12 people living near Atlanta, GA (Fulton & Gwinnett counties),

1 last first county city zipcode whi bla his asi

2 2 RADLEY OLIVIA Fulton Fairburn 30213 14 83 1 0

3 3 BOORSE KEISHA Fulton Atlanta 30331 97 0 3 0

4 4 MAZ SAVANNAH Gwinnett Norcross 30093 5 6 76 13
5 5 GAULE NATASHIA Gwinnett Snellville 30078 67 19 14 0

6 6 MCMELLEN ISMAEL Gwinnett Lilburn 30047 73 15 6 3

77 WASHINGTON BRYN Gwinnett Norcross 30093 0 95 3 0

(ongoing Predicting Unobserved Multi-Class sensitive Attributes : Enhancing
Calibration with Nested Dichotomies for Fairnesdth A.M. Patron Pirerez, A.
Fernandes Machado, & E. Gallic)
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