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Fairness Challenges in Al

PRO JPUBLICA

Machine Bias

There's software used across the country to predict future criminals. And it’s biased against blacks.

by Julia Angwin, Jeff Larson, Surya Mattu and Lauren Kirchner, ProPublica

May 23, 2016




Fairness Challenges in Al

PRO )PUBLICA

: REUTERS

Business Markets World Politics TV More

BUSINESS NEWS

Amazon scraps secret Al recruiting tool that
showed bias against women

Jeffrey Dastin

8 MIN READ v f

SAN FRANCISCO (Reuters) - Amazon.com Inc’s (AMZN.O) machine-learning

specialists uncovered a big problem: their new recruiting engine did not like women
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Why Causality matters for Fair Al?

US Supreme Court, 2008

“To establish a disparate-treatment claim under this plain language, a plaintiff
must prove that age was of the employer’s adverse decision.”

“A plaintiff must prove by a preponderance of the evidence (which may be direct or
circumstantial), that age was of the challenged employer decision.”

US Supreme Court, 2015

“A disparate-impact claim relying on a statistical disparity must fail if the plaintiff cannot
point to a 7

“A plaintiff who fails to allege facts at the pleading stage or produce statistical evidence

demonstrating cannot make out a prima facie case of disparate
impact.”
“If the plaintiff between the Department’s policy and a

disparate impact—for instance, because federal law substantially limits the Department’s
discretion—that should result in dismissal of this case.”
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part Il

Outline

1. Review basic causal concepts in the context of fairness.

2. Introduce the foundations of fairness analysis
based on causal inference, including theory of decomposing
variations, causal measures, and the fairness map.

3. Discuss connections with previous literature.

4. Show how Causal Fairness Analysis can be used for
the task of bias detection & gquantification.

5. Discuss implications of Causal Fairness Analysis
to the task of Fair Prediction.
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Structural Causal Model (SCM)

Definition: A structural causal model M is a 4-tuple
<V, U, %, P(u)>, where

- V={V1,..,Vy} are endogenous (observed) variables;

- U={U,..., Uy} are exogenous (latent, unobserved)
variables;

= /f1,..., f»} are functions determining each
variables in V€V, vi « fi(pai, ui), Pa; C V;,U; C U,
- P(u) is a distribution over the exogenous U.

Axiomatic characterization: Galles-Pearl, 1998;
Halpern, 1998. Survey: Bareinboim et al., 2020.



https://link.springer.com/article/10.1023/A:1009602825894
https://dl.acm.org/doi/10.5555/2074094.2074118
https://causalai.net/r60.pdf

Sampling-Evaluation Loop

Mechanisms & Distribution P(u):
Unit U = (uy, ..., )

l

Vi < h(uy)
Vo <« h(vy, uy)

Space of units

v <—f(v v u) After u is fixed,
k R\"1> == Yk Pk the evaluation is deterministic

Mechanisms & = [Distribution P(u) = M



SCM M — Causal Diagram G

Every SCM M induces a causal V={4, B C D}
diagram G. U=
D« fa(4,B,U)

Represented as a directed acycllc E «— f.(C,U)
graph (DAG), where:

Each V; € Vis a node, A\D/B E/C

There is an edge V; — V; if |

Vi € Paj, and

There is a bidirected edge A

10



SCM M — Causal Diagram G

Every SCM M induces a causal V={4, B C D}
diagram G. - U=

D« fa(4,B,U)
Represented as a directed acycllc E«— f.(CU)

graph (DAG), where:
Each V; & VIs a nhode,

4 B
There is an edge Vi — V; if N\ e
Vi € Pa;, and D Y/

There is a bidirected edge

11



Counterfactuals’ Semantics

- Definition (Potential Response): Let X, YC V.

The potential response of Y to action do(X = x),
denoted by Y.(u), is the solution for Y of the
system of equations in M., where the mechanisms
of X are replaced with x (i.e. Yx(U)=Yux(1)).

- Definition (Counterfactual): Let X, YC V. The

counterfactual sentence “the value Y would have
obtained, had X been x for unit U=u"

IS interpreted as the potential response Yy (u).

12



Example 1 (Berkeley admission). Students apply for university
admission (Y), and choose specific departments to which they wish
to join (D = 0 for sciences, D = [ for arts & humanities). For the
purpose of discrimination monitoring, gender is also recorded

(X = 0 for male, X = I for female).

Department
of Choice
D
SCM M*

X <« Bernoulli(0.5)

D <« Bernoulli(0.5 + AX)

Y « Bernoulli(0.1 + “X + D)

X Y
(Truth-Unobserved) Gender Admission

QOutcome

* Bickel, P., Eugene H, and J. William O’Connell. “Sex bias in graduate admissions: Data from Berkeley.”
Science 187.4175 (1975): 398-404. 13



Example 2 (COMPAS prediction). Northpointe are trying to predict
whether a person will recidivate after being released (Y). Variable Z
represents the age, W represents prior convictions, and X represents
race (X = 0 for White-Caucasian, X = I for Non-White).

Age
Z
Race s Recidivism
Prediction
X Y
v
(Truth-Unobserved) 0%

Prior
Convictions

14



Example 3 (Government Census). The US census data records a
person’s yearly salary (Y, in tens of thousands of $). The census also
records age (), gender (X = O for male, X = 1 for female), education
level (W,) and employment status (W,).

Age

SCM M*

X <« Bernoulli(0.5 + AU)
Z «— N (40 + uU,6°)

Salary
W, < Poisson(0.5 + a;X)

W, < Binomial(10,0.5 + a,X)
Y « V3B +6X+nW4+¢pZ,1)

(Truth-Unobserved)

Education Employment

15



The Emergence of the
“Standard Fairness Model”

D
Berkeley / \
X ' Y

Z

\ Demographic variables
Z

Protected "
Attribute .~

Mediators

Census '
X

Zhang & Bareinboim. “Fairness in Decision-Making - The Causal Explanation Formula.” Proc. of the 32nd AAAI Conference. 2018. 16



The Fundamental Problem

of Causal Fairness Analysis
(FPCFA)

(How to explain observed disparities
found in the data in terms of the
unobservable causal mechanisms?)



The Fundamental Problem of
Causal Fairness Analysis
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The Fundamental Problem of
Causal Fairness Analysis
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The Fundamental Problem of
Causal Fairness Analysis

\\g

Female applicants are 14% [Data ‘@j Q: Is the university guilty of

n

g less likely of being accepted gender discrimination?

qh, to the university than TVxo,x1 =14%
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Q y | —
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Legal Doctrines:
Disparate Treatment & Impact

* The most common legal doctrines found in the US and EU are
Known as disparate treatment and disparate impact.

» Disparate treatment is focused on how changes induced by the
treatment, or the protected attribute X, affects the outcome Y.
n words, how the decision-making criteria changes with X.

n Cl, this is represented by the notion known as “direct effect.”

» Disparate impact is related to how outcome Y behaves,
and trying to understand disparities regardless of the treatment.

* There are exceptions, & other central notions in legal settings include
what is known as “business necessity” (see also “red lining”).

* In general, most of the legal discussions revolve around showing
specific causal links, depending on what is permitted or forbidden
following society’s standards and expectations.

19



Structural Fairness Measures

* [n order to support a more math. formulation amenable to ML
optimization, aligned with the doctrines of disparate treatment
& Impact, we introduce the structural fairness measures.

Definition. Let pa(V,) and an(V,) be the parents and ancestors of V;
in the diagram &. Foran SCM M, Y is fair w.r.t. X in terms of:

1. the direct effect (DE-fairx(Y), for short) if and only if X & pa(Y),
2. the indirect effect (IE-fairx(Y)) if and only if X & an(pa(Y)),
3. spurious effect (SE-fairy(Y)) if and only if

UyNnan(Y) =3 Aan(X) nan(Y) = &.

20



Structural Measures in the
context of the Legal Systems

* The structural measures represent idealized conditions in which
discrimination can be thought about and articulated.

* If we go back to the legal doctrines, we can start connecting
disparate treatment and impact with the structural measures.

Can we use TV for TV-fair X(I‘/ )

disparate impact? 4
Composit _
POSFe Disparate
measures :
Impact
Structural //—R . A
measures QE-fa/rX(Y ), IE-fairy(Y) SE-fairy(Y)

Disparate |
treatment
Truth SCM M *

21



Example: US Government Census

Age, Nationality - After collecting data, it has been observed that
Z

TV = E[Y | male] — E[Y | female] > 0.

How could the observed disparity be explained?

(1) The salary decision is based on employee’
gender: X — Y.

Gender (2) Decisions were based on education or

employment: X - W > Y.

Edu‘é‘gtion (3) Age or nationality are used to infer the
Employment person’s gender: X < Z — Y.

(1) suggests a typical case of disparate treatment.

(1+2+3) & the implied TV’s disparity suggest a disparate impact case.

22



Example: US Government Census

Age, Nationality - After collecting data, it has been observed that
Z

TV = E[Y | male] — E[Y | female] > 0.

How could the observed disparity be explained?

(1) The salary decision is based on employee’
gender: X — Y.

Gender (2) Decisions were based on education or

employment: X - W > Y.

Edu‘é‘gtion (3) Age or nationality are used to infer the
Employment person’s gender: X < Z — Y.

After a legal argument, the jury may be okay with Y’s variations due to
education, but not okay with the variations due to gender or age.

How to disentangle these variations within TV? 22




The Attribution Problem

On the one hand, we consider the

observed statistical disparity: But, we know that TV contains

direct indirect spurious
Z

e ———
)

[TV = E[Y | male] — E[Y | femaleﬂ

Need a framework/measures |
that allow for the decomposition ‘
of the variations within TV. |

??

variations

Of the other, wenped o "gounf” [ This entanglement makes |
(or attribute) thg variations to : , . .
different legal| doctrines”  the attribution problem challenging!}

Disparate Disparate Business
Treatment Impact Necessity

23



Ad m |S(Note: Power and Admissibility are the

analogues of necessity and sufficiency
for the corresponding fairness measures.

Definition. Let € be a

criterion Q and measurg\_ _ J

e The measure i is said to be admissible w.r.t Q if

VAU EQ: QUll)=0 = u(M) = 0.

e The measure i’ is said to be more powerful than  if

(i) ' is admissible

() u (M) =0 = u(Al) =0.

24



Decomposability

Definition. Let €2 be a class of SCMs and i be a measure defined
over it. i is said to be {2-decomposable if there exist measures

His .-, Wy Such that u = f(uy, ..., k),

and where f is a non-trivial function vanishing at the origin, i.e.,

£0,...,0) = 0.

Variations
within TV

3441, po, 13
U

which are within u
and capture the
same variations

captures some subset
variations

Note: Decomposability can imply lack of admissibility.

20



Admissibility, Power, Decomposability
- Summary

Composite
measures

Atomic
measures
(to be
constructed)

Structural
measures

Truth

TV-fairy(Y) <

/ \ec\;omposable!
v

(DE measure 1] (IE measure 1) CSE measure 1)

1

Powerful : w

w as possible! .

CDE measure kj (IE measure k) (SE measure kj

|

DE-fair(Y)

S

w Admissible! w

IE-fairy(Y)
*

SCM M *

SE-fairy(Y)

-

27



Fundamental Problem of Causal
Fairness Analysis (FPCFA)

Definition. Let i1 be a fairness measure defined over a space of SCMs

Q. Let Oy, ..., O, be a collection of structural fairness criteria. The
Fundamental Problem of Causal Fairness Analysis is to find a

collection of measures yy, ..., i; s.t. the following properties hold:

() uis decomposable w.r.t. i, ..., 1, Decomposability

(i) i1, ..., 4 are admissible w.r.t. the structural fairness
criteria Q, O, ..., Oy Admissibility
(iii) g1, ..., 4, are as powerful as possible. Power
m— _ A
" Section 3.1

How to solve the FPCFA?

| | Definition 13
F L Y,

28



The Anatomy of

Contrastive Measures

Definition. A contrast is any quantity of the form

Pye | E)) — P(ye, | Ep) -

Section 3.2

where E, L| are observed (factual) events and

Cy, C, are counterfactual events to which the outcome Y responds.

A contrast compares the outcome Y of individuals

who coincide with the observed event
E, versus L, in the factual world,

and whose values, possibly counterfactually,
were intervened on following C; versus (.

29



Contrastive Measures:
Factual vs. Counterfactual Basis

Theorem. Any contrast P(yC1 | E)) — P(yco | E,,) can be decomposed
into its factual and counterfactual components:

P(ye | E)) — P(ye, | E)| + P(ye, | E)) — P(ye, | Ep) -

-

.. counterfactual contrast factual contrast

normally
think of

Co, Cl’ Eo, El as
including X.

difference arising from difference arising from events
counterfactuals C,, C, Ey, E,

used to capture the causal used to capture non-causal
influence of X on Y. (spurious) influences of X on Y.




Structural Basis Expansion |

Theorem (continued). Whenever E, = E, = e, any counterfactual contrast
P(yc1 | E=¢) — P(yCO | E = e) admits the following structural basis expansion

> Dew—yo,w] Pul|E=e).

Z/{ _—

u

unit-level difference POSterior i'lj
P(u | v)
For a specific unit U = u, Popglation OT units

the transition Co — C1. factual evidence E=e.

31



Contrastive Measures:
Factual vs. Counterfactual Basis

Theorem. Any contrast P(yC1 | E)) — P(yco | E,,) can be decomposed
into its factual and counterfactual components:

Pye | E)) — P(ye, | E)| +POye, | E)) — P(ye, | Ep) !

-

counterfactual contrast factual contrast

difference arising from difference arising from events
counterfactuals C,, C; Ey, E,

used to capture causal used to capture non-causal
influences of X on Y. influences of X on Y.

32



Structural Basis Expansion I

Theorem (continued). Whenever C, = C; = ¢, any factual contrast
P(y.| E,) — P(y, | Ey) admits the following structural basis expansion:

2. v [Pwl|E)—-PulEl.

u

unit outcome posterior difference

|

Difference in posteria of how
likely unit U = u is selected
under events £, vs. E;.

v

Baseline outcome
for a fixed unit U = wu.

- We will be mostly interested in contrasts w/ C = x,
so that X = x represents causal pathways.

33



Theorem (Contrasts & Structural Basis). Any contrast can be
decomposed into its factual and counterfactuals components:

P(ye, | E)) — P(ye, | Ep) = P(y¢, | E\) — Py, | ED) + P(ye, | E)) — PQye, | Ep) -

mechanisms & population P(u)
Furthers<=—=
A. Any ructural
“ass  Putting it all together... |

P(yq

dterior

A ATl S - R o e = Nt 9
N P i y £ aa
U = / A

B. any factual contrast (Cy, = C; = C) admits the structural basis
expansion of the form:

P(YC|E1)—P(Yc|E0)_Z . —

unit outcome  posterior difference

34



Theorem (Contrasts & Structural Basis). Any contrast can be
decomposed into its factual and counterfactuals components:

P(ye, | E)) — P(ye, | Ep) = P(y¢, | E\) — Py, | ED) + P(ye, | E)) — PQye, | Ep) -

. mechanisms & population P(u)

A. Any counterfactual contrast (£, = £, = L) admits the structural
basis expansion of the form:

TAERUAERSY 0 [ )

unit-level difference Posterior

B. any factual contrast (Cy, = C; = C) admits the structural basis
expansion of the form:

P(Yc|E1)—P(yC|E0)_Z . —

unit outcome  posterior difference

34



Section 3.2 J

Explainability Plane | Stion?

-

-

Population Axis TV measure
Start with general
Plu population-level
u ( ) DE, IE, and SE
P(u | z)
P(u| 2) move along
| And end at
5., e the unit level.
\\ DE IE SE
Different events £ = ¢ Mechanism Axis
Imply different units . . .
Ply /Dn"ferent values of mterventlon;\
accounted for by the measure.

CO = Cpy Cl = Imply d

different mechanism’s selection
\_ (direct, indirect, spurious). ) 35




TV family of causal
fairness measures



Gedankenexperiment (NDE)

- For a male employee (X = X)), how would his salary (Y) change
had he been a female (X = x,), while keeping the age, nationality,
education, employment status unchanged (i.e., at the natural level

NDExo,xl(y )=P (yxlanO) — P (ny,on)

K _XO ’ xO 3 7



Gedankenexperiment (NIE)

- For a female employee (X = x;), how would her salary (Y) change
had she been a male (X = x,), while keeping gender unchanged

along the direct causal pathway (at the natural level X = x;)?

NIExl,xO(Y) — P(yxlanO) — P(yxl,le)
7 V4

N N
X‘\;/*Y X\V‘V/*Y

Yxl ’ WXO

Y
Wy 38



Gedankenexperiment (Exp-SE)

- How would an individuals salary (Y) change if their gender is set to
male (or female) by intervention, compared to observing their salary
as male (female)?

Exp-SE (y) = P(y,) — P(y | x)

39



Y —Exp-SE xl(y)

Exp—SExO(y)

40




X - xl
Y —Exp-SE xl(y)
W
Yxl NDEX(),Xl (y)
Z
V4 V4 Y4
X - XO
X =X X =X X =x
Y Y Y
1% W W “;
X1 Yxl’on Yxl,WxO 10
V4
X - XO
v Exp—SExO(y)
w
Y 40




Y —Exp-SE xl(y)

Lemma. The tota/ var/atlon measure can be decomposed
/nto its direct, indirect, and spurious variations: «

xo Xl(y) — NDExo x1(y) N/Ex1 Xo(y) T (EX,D SE (y) o EXIO SE (y))

40




Relation to Structural Fairness

Corollary. The criteria based on NDE, NIE, and Exp-SE measures
are admissible with respect to structural direct, indirect, and
spurious fairness. Formally, these facts are written as:

S-DE — NDE-fair
S-IE = NIE-fair
S-SE — Exp-SE-fair

admissibility w.r.t.
structural

In practice, for example, by computing the NDE,

we can test for the presence of structural direct effect.
41



Testing Structural
Fairness In Practice

Our previous corollary shows that
S-DE =— NDE-fair.

By taking this statement’s contrapositive, we can see that
NDEXO,xl(y) #+ (0 = -S-DE.

Therefore, in practice, one may use the following hypothesis
testing procedure for testing structural direct effect,

H, : NDE, . (y) = 0.

A similar approach can be used This will be used to
for the NIE and Exp-SE since connect with the

S-IE = NIE-fair disparate treatment and

S-SE —> Exp-SE-fair impact doctrines later on.

42



Example (Limitation of NDE). A new startup company is currently in
hiring season. The hiring decision (Y € {0,1 }indicating whether the
candidate is hired) is based on gender (X € {0,1}, female and male,
respectively), age (Z € {0,1}, younger and older than 40 years,

respectively), and education level (W € {0,1} which indicates whether
the applicant has a Ph.D. degree). Following the legal guidelines, the
startup is in this case obliged to avoid disparate treatment in hiring.

NDExo,xl(y) — P(yxl,WxO) _ P(yxo)
= P(Bernoulli(%(l —7Z)+ éW) =1)

1 1
—P(Bernoulll(g(Z) + EW) =1)

=) ) PON=(1 = 22) + —w — ~w]
5 6 6

z€{0,1} we{0,1}

Z é(l —27)=0. [ Section 4 J

2(0.1) Example 9

43



Example (Limitation of NDE). A new startup company is currently in
hiring season. The hiring decision (Y € {0,1 }indicating whether the
candidate is hired) is based on gender (X € {0,1}, female and male,
respectively), age (Z € {0,1}, younger and older than 40 years,

respectively), and education level (W € {0,1} which indicates whether
the applicant has a Ph.D. degree). Following the legal guidelines, the
startup is in this case obliged to avoid disparate treatment in hiring.

| NDE is admissible w.r.t. S-DE.
However, here NDE = 0,
but structural direct effect exists.

Q: Is NDE powerful enough for
detecting direct discrimination?

n4
se 9

43




Gedankenexperiment (Ctf-DE)

- For a male employee X = x,, how would his salary change (Y) had
he been a female (X = x,), while keeping the age, nationality,
education and employment status unchanged (at the level of

th'DExo,xl(y) — P(yxl,WxO ‘ x()) T P(ny,WxO | XO)

Z z
- \
W W

44



Example (Limitation of NDE). A new startup company is currently in
hiring season. The hiring decision (Y € {0,1 }indicating whether the
candidate is hired) is based on gender (X € {0,1}, female and male,
respectively), age (Z € {0,1}, younger and older than 40 years,

respectively), and education level (W € {0,1} which indicates whether
the applicant has a Ph.D. degree). Following the legal guidelines, the
startup is in this case obliged to avoid disparate treatment in hiring.

th-DExo,xl(y | x()) — P(yxl,on | x()) _ P(yxo | x())

1 1
= P(Bernoulli(g(l —-7Z)+ EW) =1 xp)

1 1
—P(Bernoulll(g(Z) +gW) =11xp)

1 11
=) POVP( | x5 (1= 20) +—w =]

z€{0,1} we{0,1}

— Z %(1—21)P(z|x0)=0.036.

z€{0,1}
Section 4
Example 10 .




Example (Limitation of NDE). A new startup company is currently in
hiring season. The hiring decision (Y € {0,1 }indicating whether the
candidate is hired) is based on gender (X € {0,1}, female and male,
respectively), age (Z € {0,1}, younger and older than 40 years,

respectively), and education level (W € {0,1} which indicates whether

the applicant has a Ph.D. degree). Following the legal guidelines, the
startup 18,10 1S case obliged 1o avoig disparate treatment 10 ninng.

. )

? xo)

i 1 1
— | ’ 6 6

z€{0,1} we{0,1}

— Z %(1—2z)P(z|x0)=O.036.

z€{0,1}
Section 4
Example 10 .




x-specific measures

Definition. The effect of treatment on the treated and counterfactual
direct, indirect, and spurious effects are defined as

E7TXO,X1 (y
Ctf-DE, . (y

Ctf-IEy, (Y

x) = P(y, | x) = P(y,, | x)
X) = POyw, 1 X) = POy [ %)

x) =Py w | x)—P(y, | X)

th_SExo,xl(y) — P(yxo | 'xl) _ P(yxo | XO) .

Structural Basis Expansion:

th'DExO,xl(y | x) = Z [yxl,WxO(u) — yxo(u)]-
CH-1E,, (v | ) = D [y, () — 3y, () | BCID)

CH-SE, . (v) = Y ¥, ([P(u | x) — P(u | x0)].

A TV measure

remember where
we are within % 46




x-specific

Definition. The effect of treatment on
direct, indirect, and spurious effects ar§

Eﬁxo,xl(y )C) — P(yxl | )C) — P(yxo | .X)

where we came from

th'DExO,xl(y X) = P(yxl,on X) — P(yx() X)
th'lExl,xO(y X) = P(yxl 114 X) — P(yxl X)

th'SExO,xl(Y) — P(yxo | 'xl) — P(yxo | XO) .

Structural Basis Expansion:

CH-DE, (v | ) = ¥ [y, v, (0) — (1) | : ' :
u
CH-1E,, (v | ) = D [y, () — 3y, () | BCID)

more powerful than
th'SExo,xl(y) = Zny(u)[P(u | xp) — P(u | xp)]. ) —\ | | >
u remember where \QE " oF
where we go next 45

A TV measure
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Z-specific measures

Definition. The z-specific total, direct, and indirect effects are defined as

3" TEX(),XI (y
Z'DExO,xl (y

Z-IEXI ,XO(y

2) = P(y, | 2) — P(y,, | 2)
) =P (yxl,WxO 2) —P(y,, 12)

2) = Pyyw, 12— POy | 2).

Structural Basis Expansion:

Z'DExo,xl(y | z7) = Z [yxl,WxO(u) - yxo(u)]-
Z-E, . (v | 2) = Z [, w, (@) = yxl(u)]-\

A TV measure

ol TN

z-specific

more powerful than
NiE
\\

C )
| | -
remember where Bg‘ IE SE
we are within % where we go next
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Example (Limitation of NDE). A new startup company is currently in
hiring season. The hiring decision (Y € {0,1 }indicating whether the
candidate is hired) is based on gender (X € {0,1}, female and male,
respectively), age (Z € {0,1}, younger and older than 40 years,

respectively), and education level (W € {0,1} which indicates whether
the applicant has a Ph.D. degree). Following the legal guidelines, the
startup is in this case obliged to avoid disparate treatment in hiring.

=DE(y | Z = 0) = POy, w, | Z=0)=P(y,, | Z=0)
1 1
= P(Bernoulli(g(l —-7Z)+ EW) =1|Z2=0)
1 1
—P(Bernoulll(g(Z) + EW) =1|Z=0)
1 1

1 1
= Z PWI[=+—-w—-——w]=—.
welo) 5 6 6 5

Section 4
Example 11 N
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respectively), age (Z € {0,1}, younger and older than 40 years,

respectively), and education level (W € {0,1} which indicates whether
the applicant has a Ph.D. degree). Following the legal guidelines, the
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v'-specific measures

Definition. The v'-specific total, direct, and indirect effects are defined as
V-TEg (v | V) = POy, | V) = POy, | V)
V-DEy x (¥ | V) = Py, w | V) — Py, [ V)

V) = P(y, | V).

V’_IExl,xO(y v’) — P(yxl W

A TV measure

Structural Basis Expansion: / P(u) / l \'
D8 1= 2 0,00 .0 D Bl v-secitc

- more iowerful than
v

remember where
we are within %



Unit-level measures

Definition. Given a unit U = u, the unit-level total, direct, and indirect
effects are given by

Unit'TExO xl(y(u)) — yxl(u) - yxo(u)
— unit-DEy  (y()) = Yy w, () = Yy (1)
unit-1E v (Y()) = Yy, w, () = ¥y (1)

TV measure

| | x
DE IE SE
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TV family measures as contrasts

Lemma. Under the Standard fairness model, all the measures within the TV

family can be written as contrasts P(y¢, | E;) — P(yc,

constructions indicated below.

units

E,), following he

mechanism| |unit

Measure Cy o) Ey | E; mechanisms

TV, 0 ) Zo 1
TS TEwo,ml o Il @ V)
:gi Exp-SE; T x 0 T Dire
80|  NDEg, 4, zo | o1, Waol 0 0

NIE;, 2, 20 | 20, Wz ) )
> ETT ) o, 0 i x x
I th'SE:co,a:l o Tl
s | Ctf-DEg 4z, xo | T1, W, T x

Ctf-1Ez, o, o | Xo, Wg, T i
N z-’ﬁ)mo’ml T X Z z
I 2-DEg., -, zo | T1, Wy, z z
T 2-1Ez, To | Lo, Wg, 2 z
> V-TEg 4, v v
U +-DE,, 1, o | T1, Weol ' v’
= V-IEg, 4, Zo | 20, Wx v v Duria
| unit-TE,, , U U l
§ unit-DE;, ;, zo | T1, Wy, U U
unit-1E;, o | Lo, Wg || u U
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TV family measures as contrasts

Lemma. Under the Standard fairness model, all the measures within the TV
family can be written as contrasts P(yc | E;) — P(y¢, | Ey) , following he

constructions indicated below.

units

mechanism unit

Measure Co Ch Ey Fq
TV 0 0 L0 L1

TS TEwo,ml o Il 0 @
& | Exp-SE, T x ) T
% NDEz o, | 2o | @1,Way| 0 0
NIE;, 2, xo | xo, W, ) )

> ETT ) o, o T 4 x
| Ctf-SEg; 2, Zo Zo x0 1
s | Ctf-DEg 4z, xo | T1, W, T x
Ctf-1Ez, o, xo | xo, Wa, T i

S z—’ﬁ)mo’ml o 1 z z
1 2-DEg., -, zo | T1, Wy, z z
T 2-1Ez, o, o | To, W, z z
>| V-TEg, s, Zo T v’ V'
EJ' v'-DEg, 1, zo | 1, Wy, | V' v
= V-IEg, 4, zo | o, Wy, | ¥ v
= unit—TExO:gCl o T U U
§ unit-DEyy z, | Zo | 21, Way | u u
unit-IE;, . xo | To, Wz, | u U

mechanisms

:

J
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TV family measures as contrasts

Lemma. Under the Standard fairness model, all the measures within the TV
family can be written as contrasts P(yc | E;) — P(y¢, | Ey) , following he

constructions indicated below. mechanism  unit

Measure Cy o) Ey | E; mechanisms
Tvxg,xl 0 @ ) X1
Ti TEIL‘o,a:l Zo T 0 0
- &  Exp-SE, T T 0 T
units 0 NDEsys, | %0 | @1, Wae| 0 | 0
NIEmo,ml Z0 Zo, W:rl 0 0
o ETTyq Zo i x i Causal
I th'SE:co,xl oy o o gy
s | Ctf-DEg z, zo | T1,Weo | s
Ctf-1E;, +, xo | To, Wy, i it
l z-DEg, z, zo | T1, Wy, z z
™ 2-1Ezq 2, o xo, Wa, z z
= V'-TEg, 4, Z0 x1 v v
\UI vl_DEwO’wl = . Wwo v, v’ -
~ 'U,‘IEmo,:cl Zo Zo, Warl v’ v’ Spurious
£ unit-TEa;O:ml Zo T, | u u
:E_: unit-DE,, », o 1, W, U U
unit-1E; -, xo | To, Wa, U U
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TV family measures as contrasts

Lemma. Under the Standard fairness model, all the measures within the TV
family can be written as contrasts P(yc, | E,) — P(y¢, | Ey) , following he

constructions indicated below. mechanism  unit

Measure Co ) Ey | E; mechanisms

TV 021 0 0 zo | @1 - D
TS TEmo,ml o Il @ @
. & |  Exp-SE, x x 0 T
unlts &0 NDEmo,xl Zo I, Wa:o ) 0
NIE;, «, o | xo, Wy, | 0 )
U § ETT ) o, Z( x1 i T
| Ctf-SEgg 2, Zo Zo 0 1
s | Ctf-DEg, 7, xo | 1, Wy, 45 "
Ctf-1Ez, o, xo | xo, Wa, T i
N z‘ﬁmo,ml o I1 <z <
1 2-DEg, o, o z1, W, z z
T 2-1Ez, o | To, W, z z
= v'-TEg, 4, Z0 1 v v’
\U' v'-DEyzq 4, Ty | 1, Wy | V' v
> V-IEg, 4, zo | o, Wy, | V' v
£ unit-TEch;B1 o T U U

g unit-DE;, ,, zo | T1, Wy, U U = J
unit-1E;, -, o | xo,Wa, | u U
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Fairness Map



Population Axis

Fairness Map

Mechanisms Axis

TV |, Causal Spurious Direct Indirect

S| x-specific to
I

S general

ﬁ Z-specific to
> x-specific
N

g v'-specific to
- z-specific
Ul

RN unit to

= v'-specific
S

S

structural to
unit
Str-TE Str-SE Str-DE Str-1E
N _/
N N
Composite Atomic
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Section 4.2

FairneSS Map Theorem 7

TVidedeowopilsitidh(gB18)  Mechanisms Awis

-
TV Causal Spurious Direct Indirect
EN o= ' Mediation
S ~ . S
SN TE Exp-SE NDE NIE formula
QO
S ‘ l .................. (Pearl, 2012)
8
“ [
8
< P<
g N
g g Extended
§ Mediation
) ~ Formula
Ry Ul
X
."§
S
Ctf-fair
\{ Str-TE Str-SE Str-DE Str-1E
N N 4
~ ~

Composite Atomic
of



Other connections with the literature

- How does the presented framework relates to
other prominent measures in the literature?

» In particular, we consider the following measures:

~ )
() Counterfactual Fairness (Kusner et. al., ’17)

o Y,

( )

(i) Individual Fairness (Dwork et. al., ’12)

o WV,

58



Counterfactual fairness
(Kusner et. al., 2017)

TV = E[Y | male] — E[Y | female]

"\
/

P(u) i NIE : [ Exp-SE J
- y,
P(l/t ‘ X) i x-1E -
- y,
P2
! N\ y
P(u ‘ V) ( . )
\ )
0, C
\- v,
unit-level ——
QZ?QE’ECI)?S ﬂ ﬂ inadmissible! ﬂ w
identifiable Causal Direct Indirect Spurious

59



Counterfactual fairness
(Kusner et. al., 2017)

Assumption: ancestral closure of set X.

COMPAS: age 1 race rejected (p < 0. 001) COMPAS: race L sex rejected (p < 0. 001)

. redlining
religious segregation

ity

rural/urban balance
age = -
Adult: age L sex rejected (p < 0. 001) Adult: race L sex rejected (p < 0. 001) Of genders In Chlna

eeeeee Male 60
sex



Counterfactual fairness
(Kusner et. al., 2017)

Assumption: ancestral closure of set X.

| In summary, Counterfactual Fairness is:

decomposable & inadmissible (w.r.t DE, IE, SE),
not identifiable in general, and bation

oblivious to spurious effects (and corresponding
business necessity requirements).

lance
hina

See also Section 4.4.1 for further details.

Female Male 60
sex



Individual Fairness
(Dwork. et. al., 2012)

Causal Fairness Analysis implications on [F:

a )
Example 17

Section 4.4.2
\_ Y,

a )
Proposition 5
Section 4.4.2

- _J

( )
Example 18
Section 4.4.2

- V,

( )
Proposition 11
Section 4.4.2

\_ v
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Fairness Tasks

Modeling &
Domain Knowledge

(Big Picture)

SCM M*

(unobserved reality)

Doctrines &
Social norms

Disparate Treatment

Disparate Impact

Business Necessity

Structural
Measures

Fairness
Measures

Empirical

Measures

Data
Collection

Dataset
D

Tasks

-4

Dine~

N Foat.

3. Fair
Decision-
making
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Task 1.
Bias Detection & Quantification



Fairness Cookbook



. Section 5.1
Fairness Cookbook [ Algorithm 1 ]

1) Obtain data on past decisions <.

2) Determine the (possibly simplified) causal diagram & (w.r.t. underlying 4 *).

3) Determine the Business Necessity (BN) set (&, {Z}, {W}, {Z, W}).

4) Consider existence of Disparate Treatment: evidence of disparate
xeO treatment (population level)
(e\eo
— el  No evidence of disparate

Ot r, :
Slecteqy treatment (population level)

5) Consider existence of Disparate Impact:
5a) Indirect effect: (e\eo’\ed disparate impact

5b) Spurious effect: s _evidence of
y disparate impact
e\
n% no evidence of

disparate impact 66




Task 1: Census 2018 dataset

_ _ TVy, x,(y) decomposed for Census dataset
Demographic variables

V4
10000
Gender " Salary
X Y ]
S o ——
2 e p——
1%
Education, Employment
-10000
- Observed disparity: I N
TV, (y) = $14,000/year ° = = §
&Q 49 QQ/NJ: <</ + {\é{;\
¥ S °

Causal Fairness Measure



Task 2. Fair Predictions



Prediction Task

The first talk focused on bias
detection, where we just analyze
the “observed reality”, i.e., nature

defines fy

When doing prediction, causally
speaking, we are constructing a

new mechanism Y « f5(x, z, w)

that is under our control (i.e., we
are selecting it)

Typically, in ML, we are simply
interested in learning P(y | x, z, w)

Does that carry over bias from f,?

Constructed
4 prediction

N\

Y

Original Causal Diagram
(w.r.t M*, real world)

69



Fair Prediction

General answer: simply learning
P(y | x,z,w) will give biased
predictions.

To remove the bias, one might

wish for Y to satisfy a pre-
specified fairness constraint.

A commonly considered constraint
is to make TV, . (Y) = 0.

In practice, there are different ways
to satisfying such a constraint: in
particular, we distinguish post-
processing, in-processing, and
pre-processing methods.

Constructed
4 prediction

Original Causal Diagram
(w.r.t M*, real world)

N\

Y

fairness
constraint

70



Pre-, In-, Post-Processing

Typical ML framework:

ML optimization predictor

N\

algorithm Y < fo(x,z,w)

Transform 9 to @ ML optimization sfair
that satisfies a algorithm with a ‘ - 70z, Yv))
ey fairness constraint using a transformation
Pre-processing: In-processing: .
change the data to include a fairness Post-processing:
. . . . massage the predictions
satisfy a constraint constraint in the learning

. to satisfy a constraint
apriori step

[a



Fair Prediction Theorem (FPT)

Theorem. Let SFM(n,, ny,) be the SFM with | Z| = n,and | W| = ny,. Let E denote the set of edges of SFM
linear
Rz,Ny

compatible with the SFM(n,, ny,) and whose structural coefficients are drawn uniformly from[— 1,17E.

(n,, ny). Further, let & be the space of linear SCMs (but for the variable X, which is a Bernoulli)

An SCM M € S\ is said to be e-TV-compliant if

Jtair = @9Min jinggr  EY-fX.ZW)* @7
subject to TV, . (f)=0 \ o

also satifies

|th—DExo,x1(fAfair | x())l <€,

|th'|Exo,x1(]?fair | x())l <€,
| Ctf-SE,, . (ffair) | < €

Under the Lebesgue measure ¢

{ non-vanishing probability f Section 5.2
Furthermore, for any n,, nWt; of thlngS “going WrOng” ' Theorem 10

(2



FPT proof sketch

Objective:

VeX,Z,W VeXx,Z,w

~ 2
ElY-fX.ZW)P=E[ ) (ayy—ady)Vi+e
Vex,zZ,w

= Elej] + E| Z (ayy — dyy)ayy — 5V,-Y)Vivj]
V,VeX,ZW

= 1+ (ayy = @yy) EIVV [(ayy = @y,

Linear SCM:

U< NQO,1)

X < Bernoulli(expit(U))

Z — ayg U+ ay,2¢,

W« ayw X + aywZ + ayywW + €y
Y « axy X + azyZ + ayyW + €y

(Vo= BV AT 5y =0) - ot
constraint is :

what we

actually want
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FPT visualization

‘\ measuring the
\_ f probability of ellipsoid
hitting a point

ellipsoid with characteristic
matrix ¥ = E[VVT]

What the constraint is: What we want:

TV, (¥) =0 3 linear constraints
represents a hyperplane Ctf-DE = 0, Ctf-IE = 0, Ctf-SE = 0.

through origin. represents a single point »



Fair Prediction Theorem In
Practice (COMPAS dataset)

@ TV, x(¥) decomposition: Random Forest on COMPAS (@ TV, . (§) decomposition: Reweighing on COMPAS

0.2
0.1
i 0.0

-0.1

N N 3 N 3 N
S N 6\-‘& *? .+‘ *\\+° \* S
&A 49 Q/*.o,?\ \Q/+\‘+° {\’G_)Q/-P &Q 4 Q/’r" \Q/_\_\_‘"‘“‘ «o.)@-h
O’«Q O« ©) 0‘&0 Q’& IS
A eyr . A eyr . .
@ TV, () decomposition: Reductions on COMPAS () TV, «(¥) decomposition: Reject-option on COMPAS
0.2 0.2

0.1 0.1

00 ; ; 0.0 B —

-0.1

-0.1

Ly I%
& o) 75



Failure of Optimal Transport
(in the Individual Fairness framework)

- A common approach for pre-processing is to use optimal transport
- The distribution P(V | x;) is transported onto P(V | x;)

Example.

X « Uy
W« eRUy — 1)

Uy Vv 1I(W>0)If X =x,
Y « i

Uy, Uy, U, Bernoulli(0.5)

» In the example, we wish to compute NIE, . (7) = P(’y“xO,le) - P(y,)

/6



Failure of Optimal Transport
(in the Individual Fairness framework)

1
Z X = x, distribution (blue)
I X = x, distribution (red)
1 I 11 l'ee | , t ( )
— — — — ransport ma reen
4 2 > 4 P P
O (no transport across y-axis)
1 /+ 1 ] ___
W [ W depends on Y )

4

€
Section 5.2 [breaks the causal ordering)
Example 22

’r’



Failure of Optimal Transport
(in the Individual Fairness framework)

—~—

PG 7)) = POye Wy =)+ PG, o Wy=—¢ — P@G,)=P0,)

/ \ using the SCM l

F y. .= 1foranyu N O = Uy h fyx0=UYV1(W>O)

yxo,e yxo,_e —
= 1 ~— — —
W, =eforUy =1wp. - for Uy =1 W, = — for Uy =1y, =1
2 1 for Uy =0,y, =1
(1 /4 for each Uy) with prob. — (0 for Uy, = 1 1

)
4 with prob. —
_ Prob- 3 )

_ ) « Y,
putting together \ / /
PO PO + ¢ - 3 =y =
Y W)~ T ’“0 2 8 4 8

»

1

Uw




Towards the solution

- how can we construct “causal” fair predictions?

r

preserved for the predictor?
.

~

(i) causal structure of the SFM is

J

[ Section 5.2.8 ]

-
(ii) identification expressions for

x-DE, x-SE, and x-IE equal O
. for the predictor Y

N

_/

YA /

< 20) = O

X / y X / P
%% %%

x-DE . (5) = Y [P(5 | x.2.w) = P(5 | %0, 2. W)IP(W | X0, DP(z | x0) =0

W

x-1Eg (§) = D P(3 | x1,2, WP | x1,2) = POw | %0, DIP(z | %) =0

W

x-SE; () = D P | %, D[P | %) — Pz | x9)] = 0,
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In-processing solution

Theorem. Let Y be the solution to the following optimization problem:

e

Y = argmin

. E[Y—fX,Z, W)

subject to x-DE!BI(? | xp) =
x-DE!D (5 | xp) = 0
+1EP (5 | x) = ( Section 5.2.9 j
x-lE)ICBCO(y | Xo) =

+-SEIP (5) =0

Then ? satisfies

X'DExO,xl(S}\ | x()) — X'IExl,xO(Sj\ | x()) — X'SExl,xO(Sf\) =0

80



Pre-processing solution (Causal IF)

Definition. The Causal Individual Fairness (Causal IF, for short) algorithm is

performed on a data coming from an SCM .# compatible with the standard fairness
model (SFM), in the following way:

SFM Data Y

X | Z|WY

NOIFORFIOIET
x| 70 | 5@ |50

1) if Z & BN-set, transport
Z | Xl —> Z | xO

2) if W & BN-set, transport
Wlx,Z=z- W|xp,Z=12

X | 50 [ ™| -

3) transport
Y| x,Z=z,W=wrY|x,Z=z,W=w (

Section 5.2
Theorem 11

31



Pre-processing solution (Causal IF)

Theorem. Let . be an SCM compatible with the SFM. Let 7 be the optimal
transport map obtained when applying Causal IF. Define a new, additional
mechanism of the SCM . such that

Y « (Y. X,Z,W).
For the transformed outcome Fwe can then claim:

if Z & BN-set = x-SE,, , (y) = 0.
if W & BN-set => x-IE, , (V| x5) = 0.

Furthermore, the transformed outcome 7 also satisfies

x'DExO,xl(f)\; | -x()) = 0.
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Moving beyond SFM

Demographic variables Z, Z,
Z

S —_

better resolution

Protected
Attribute .~

Y

Out .
HEome Section 6
W Mediators TBD Wi W,
Measures direct, indirect, spurious variable specific
Business Necessity | { {2}, {Z}, {W},{Z,W}} any V' CV
Fair Prediction Causal IF fairadapt

33



Conclusions

- Well-founded disparate treatment and impact claims require the plaintiff to
establish between a defendant’s policy and the statistical
disparities found in the observed data.

SCOTUS: No fairness claim can be made without solid causal underpinnings.

- We introduced a framework for fairness analysis based on causal inference to
support such claims. In particular, we showed

A. - how the total variation can be decomposed into variations that can be easily
associated with the underlying causal mechanisms, and mapped to disparate
Impact and disparate treatment doctrines.

B. - how the developed foundations of Causal Fairness Analysis can be applied in
practice, in the context of bias detection and fair prediction.

« We hope these results can help towards the development of the next generation of
Al systems to be more fair, accountable, and transparent.

Thank you!
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