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Fairness Map

TV = E[Y | male] — E[Y | female]
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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
"Clecteqy treatment (population level)

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

ot re/ected
5b) Spurious effect: s ’ evideinc:_e of :
y isparate impac
(
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Spectrum of Fairness Notions

Business Necessity
Considerations

Disparate Disparate

Treatment Impact
(extreme case)



Task 1A: One Step Bias
Quantification (Census 2018)

TVy, x,(y) decomposed for Census dataset

Demographic variables

Education, Employment

Observed disparity:
TV, (y) = $14,000/year

Value

(" )
TV cannot
distinguish causally Vignette Time!
10000 . -
different settings! . P

-10000

Causal Fairness Measure




Task 1B: Multi-step Bias
Quantification (College Admissions)

Example. A university in the United States admits applicants every year. The university is
interested in quantifying discrimination in the admission process and track it over time,
between 2010 and 2020. The data generating process changes over time, and can be

described as follows. Let X denote gender (x, female, x; male). Let Z be the age at time of
application (Z = 0 under 20 years, Z = 1 over 20 years) and let W denote the department
of application (W = 0 for arts & humanities, W = 1 for sciences). Finally, let Y denote the

admission decision.

K SCM (F,P(U)) \ K Time Evolution QHD

X « 1(Uy < 0.5+ 0.1Uy,)
Z « 1(Uy < 0.5 + k() Uyy) k(t+ 1) = 0.9x(t)
W < 1(Uy, < 0.5 + A(H)X) Mt + 1) = A1 = p(0)
Y « 1(Uy < 0.1 + a(dX + pOW + 0.1Z) P+ 1) = O = 4D ®,
f(®) ~ Unif{0.8,1.2]
Uy, € {0,1}, P(Uy, = 1) = 0.5, at+ 1) = 0.8a()

kUX, U, Uy, Uy ~ Unif[0,1] . j K j




Bias Quantification over time

Bias Quantification Over Time - College Admissions
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Task 1C: Bias Detection for Y and ?
(COMPAS)

Y disparity decomposition COMPAS
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Recall: CPP Implications

“Modelling” “Implementing”

BN considerations:
Requirements:

IE(Y) = IE(y)!
Causal PP
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COMPAS Task 1 Analysis

BN

Causal Fairness Measure
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Task 1C: Bias Detection for Y and Y
(COMPAS)

Vignette Time!
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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)
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From a biased reality towards a
more fair one?

Real World Future World
fair
{\>< (\) .
data
collection I ?

Dataset g ML
training system
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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
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The Typical Approach

Typical ML framework:

Data O ML optimization . predictor
ata algorithm Y < fo(x,z,w)
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Post-processing Methods

Typical ML framework:

ML optimization " predictor

Yl  T(f5x, 2, w))
using a transformation

Post-processing:
massage the predictions
to satisfy a constraint
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In-processing Methods

Typical ML framework:

ML optimization " predictor
algorithm Y < fo(x,z,w)

ML optimization
algorithm with a
fairness constraint

In-processing:
iInclude a fairness
constraint in the learning
step
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Pre-processing Methods

Typical ML framework:

predictor

ML optimization
algorithm

Y« fp(x,z,w)

—~—

Transform & to Y
that satisfies a
fairness constraint

Pre-processing:
change the data to
satisfy a constraint

apriori
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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 ¢

i non-vanishing probability 1°[ Section 5.2
Furthermore, forany iz, ny tf - of things “going wrong” {V{ Theorem 5.1
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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
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Fair Prediction Theorem In
Practice (COMPAS dataset)

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

i | Vignette Time!
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