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Introduction

* Predictive ML models, and strategies that rely on such models, are subject to laws and regulations that
ensure fairness (e.g. ECOA, EEOA).
* Examples of protected attributes: race, gender, age, ethnicity, national origin, marital status, etc.

* Tradeoff between accuracy and bias

Main steps in ML fairness

1. Fairness assessment (or bias measurement)

2. Bias mitigation



Fairness for classifier

Notation

Data (X,G,Y)
« X € R", predictors
« G €{0,1} (e.g. male/female)

* Y €{0,1}, response variable

Models
* f(X) = P(Y = 1]X), trained classification score
* Y; = 1{rx)>t}, a classifier for a given threshold t € R

« ¥, aclassifier

Labels
* Non-protected class: G = 0

 Favorable outcome: Y =0



Fairness for classifier

* ML bias can be viewed as an ability to differentiate between subpopulations at the level of data or outcomes
(Dwork et al 2012)

Statistical parity (Feldman et al, 2015)

P(Y =0[G =0)=P(Y =0|G =1)

Equalized odds (Hardt et al, 2015)
P(Y=0lY=y,6=0)=P(Y =0y =y,6=1),y € {0,1}

Equal opportunity (Hardt et al, 2015)

P(Y=0y=06=0)=P(Y =0y =0,6=1)

EQUALITY EQUITY

Geometric parity for ?t* (Miroshnikov et al, 2021a)

Frp) = EFUp), p. = Fo(t) = P(F(X) < .|Y = 0)



Fairness in classifiers

Statistical parity classifier bias
bias(Y;|X,G) = |P(Y, = 0|G = 0) —P(Y, = 0|G = 1)]|
Example (proxy predictor)

« X~N(5-G,V5),P(G=0)=P(G=1)=0.5
* Y ~ Bernoulli(f(X)), f(x) = logistic(5 — x)

— PY=1X) . 5 o
0.175 - = 0.5 —— P(Y;=0|G=0)-P(V,=0|G=1)
= il o —— P(Y,=0]Y=1,6=0)-P(Y,=0]Y=1,G=1)
0.150 - - —— P(Y,=0]Y=0,6=0)-P(Y,=0]Y=0,G=1)
—— Balanced error rate of th
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Fairness in classifiers

Approaches for bias mitigation

e Maximization with fairness constraints

Y*(X,G)orY*(X) = fairr{?s%)((y*m)L(Y*’X(tmin)) , or mini-max approach

Dwork et al (2012), Woodworth et al (2017), Zhang et al (2018), and many others.

* Post-corrective methods (Hardt et al, 2015)
* Study of equalized odds, equal opportunity, statistical parity

* Construction of fair randomized classifier Y (X, G; f) € P ({0,1}) via post-processing



Fairness in classifiers

Approaches for bias mitigation

Fair dataset construction. Feldman et al (2015), Gordaliza et al. (2019)
Construction of partially fair X = X (X, G; 1) using optimal transport, 1 € [0,1]
o Training a classifier on X
o Fairer predictors imply fairer classifier

o Useful whenY is not available

Classifier bias bounds:

bias¢(g(X)|G) < drv(Pxi6=0 Px|6=1)

For random repair Gordaliza et al. able to control P)?|G=0: P)’Z|G=1

* Pareto efficient frontier. Schmidt and Stephens (2019), Perrone et al (2020). /. :
o Trained models F = {fy: 0 € 0} - .

Loss
~

o Construction of the frontier over F o

Bias



Motivation

Issues
* Typical bias measurements test fairness of a classifier Y;, not the regressor f(X)
« Mitigation procedures often focus on the construction of a fair classifier Y*(X, G), not a fair model f*(X, G)
* Fair ML hyperparameter search might be computationally expensive due to retraining
Regulatory constraints
* Explicit use of the protected attribute G is not allowed by ECOA neither in training nor prediction:
o Training with fairness constrains or repairing predictors and then training is not allowed
o Postprocessing models in the form f (X, G) are not allowed

o Using information on (X, G), for instance IP(G|X), in prediction, is not allowed



Motivation

Stages of model development
1. Model training with access to X
2. Fairness assessment on (X, G) and (appropriate) post-processing

3. Prediction with access to X

Note: Post-processed model must depend on X and should not allow one to learn (X, @), including P(G|X).

Acceptable form of bias mitigation under regulatory settings
1. Given the regressor f assess the bias across subpopulation distribution of f(X)|G = k, k € {0,1}

2. Determine the main drivers for the bias X, , M = {iy, i3, ..., i;,}

3. Construct a post-processed model f(X; f, Xy,) that does not rely on G and does not leak information on (X, G)



Model bias metrics for regressors

At an algorithmic level, the bias can be viewed as an ability to differentiate between two subpopulations
at the level of data or outcomes.

Bias metrics requirements:

1. Must keep track of the geometry of the model distribution Pr(xy (values control)
2. Must be consistent with a wide class of classifier fairness criteria

3. Must track of the sign of the bias across subpopulations

4. Must be meaningful (interpretable)

Dy, (6201 0z, +5) |

* An ability to differentiate vs independence:

Zo Zo+E€ 2o Zo+E



Model bias metrics

Potential candidates

U1, Uy probability measures on a metric space Z equipped with a metric d(z;, z,).

* Randomized binary classifier (RBC) based bias [Dwork et al (2012)]

M,:Z — P({0,1}), randomized classifier.

Biasd,DTV (.ul; #2) = . sup { ]EZ~M1 [MZ(O)] - IEx~y2 [MZ(O)] }
MELlpl(Z,d,DTv)
H1 N (,-> H2
*  Wasserstein metric W, (optimal transport cost of u; to u, and vice verse) \\ //;\/'
X ol "

W (uy, pp; d)9 = ne:ipr%gz){ E, z,)~n [d(21,22)]9, (transport plan) 7 with marginals py, }

* Inour application uq, 4, are Pr(xy 6=k, k = 0,1.

Remark: W, scales under linear transformations of uy, (d = || - ||), but Biasp v € [0,1] saturates.



Model bias metrics

Facts:

* (Dwork et al 2012): if p4, u, have discrete supportsand d < 1
Biasgp,, (U1, z) = Wy (uq, tiz; d)
* (Miroshnikov et al 2021a): for any uy, 4, with supportin B;(z,) and d(z4,2z,) = ||z, — z, ||

Biasg p,, (U1, 12) = %W1(#1 oT Y u,oT™1;d), T, affine transformation

Uy, Uy on B(R), with d(z4,2z,) = |z; — z,|, there exists order preserving optimal transport plan *

Wy (g ) = [ %y — x| dc* = [ |P;{1‘“(p) ~ E- ()| dp = [Shorack, 1956] = [ |E,, (¢) — F,, (t)|dt
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Model bias metrics

Model bias definition
Given predictors X, model f, and G € {0,1}
Biasy, (fIX,6) = Wy (f(X)|G = 0,f(X)|G = 1)

Facts [Miroshnikov et al, 20213]

* Connection with statistical parity:

Biasy, (f|X,G) = [ bias(Y;|X, G)dt < [f1.;, W, (X|G = 0,X|G = 1)

» Connection with generic parity: A = {A4, ..., Ay}, P(Y; =1|G =0,4,,) =P, =1|G =1,4,,)), Ay EA

Biasy, 4 (f1X,G) = Zwn Wi (f X)HG = 0,4}, fFXOHG = 1, 4,}) = [ bias, (Y;|X, G)dt



Model bias metrics

Assumption

Model f(X) € R has a favorable direction (for a risk score the direction is «)

Definition

Positive/negative model bias Bias;—r,,1 (f1X, G) is the transport effort (under ) of P¢(x)|c=¢ in favorable/non-favorable directions

Example
X~Nu @A+ G)\/ﬁ) 0.175- — i:g:‘l’ 10 — gz:}zgi
Y ~ Bernoulli(f (X)) 0.150- - 21w {fi6 =0}~ (7IG =1}
f(X) =O_(.U_X) 0.125-
0.6
(f = _1 20.100-

p (probability)
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Fairness interpretability objectives

Objective
* Determine the main drivers for the model biases Bias;l—r,1 (fl1X,G)

Main idea

* Combine ML interpretability methods and transport approach



ML Interpretability

Having a complex model structure comes at the expense of interpretability.
Interpretability approaches
e Self-explainable models

* Post-hoc explanations

Post-hoc explainers (examples)
« EMEX; ) = IE[f(xi,X_{i})]le:Xi, marginal expectation (ME), [PDP, Freidman, 2001]

« EFE(X; ) = E[f(X)]X;], conditional expectation (CE)



ML Interpretability

Post-hoc explainers (game-theoretical)
* Players: N = {1,2, ...,n} (features become player)
e Game: set function v(§), S € N, v(N) = total payoff

* Shapley value [Shapley, 1953]

~1)!(n—s)! . .
Pilv] = Boen T2 (1(S) — v(S\(i})), i EN
@ is efficient: Y; @;[v] = v(N), linear, symmetric.

Probabilistic games

- vE(S;X,f) = E[f(Xs,X_s5)|Xs], conditional game explores model predictions

« VvME(S;X,f) = E[f (x5, X_5)]lxs=x¢, Marginal game explores the model



Fairness Interpretability

Definition (basic bias explanations)

* Given an explainer E;(X; f) of predictor X;, the bias explanation is defined via the transport cost
Bi(f1X,G) = Wi (E;(X)|G = 0, E;(X)|G = 1)

* Positive and negative bias explanations ST are defined as transport effort in favorable and non-favorable

directions.

Notes
* Type of ML explainers matters (marginal vs conditional)

* Some ML explainers isolate the effect of each predictor and some not (local vs global)



Fairness Interpretability

Example: bias explanations based on marginal Shapley values

u=5a=--(10,-4161,-3)

X\ ~NWw—a,(1-G6),05+G)
Xo~Npu—-ay(1-6)1)

Xz ~N(@p—az3(1-6)1)

X, ~ N —a,(1—6),1—0.56)

Xs ~ N(u—ag(1—G),1—0.75G)

Y ~ Bernoulli(f (X)), f(X) = 6(TX; — 24.5)

10 __ fG=0CDF 1.0 —— SHAP;|G=0 CDF = 1.0 —— SHAP|G =0 CDF

—— fG=1CDF SHAPy|G =1 CDF > SHAP;|G =1 CDF
08 08 0.8
06 06 o0 0-1 Model Bias = 0.1229 = 0.1229 (pos) + 0.0000 (neg).
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Fairness Interpretability

Example (offsetting)

X1 ~Nwl+6),X, ~NWwl+6)
Y ~ Bernoulli(f (X)), f(X) = ac(2u—X; — X5)

0 he=ocoF L0 — pppy|G=0CDF = L0 — PDP;|G =0 COF =
B o PDPy|G =1 CDF ps PDP;|G =1 CDF VY
(-] 08 f,-'. 0.8 /' 4
0.6 0.6 /" 0.6 :
0.4 0.4 ; 4 0.4
0.2 0.2 / 0.2
P
Y 4
—
0.0 0.0 Sre 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Notes
* Bias explanations are the same
* Bias predictor interactions

X1 ~NWw2—-6),X, ~NWl1l+6)
Y ~ Bernoulli(f (X)), f(X) = c(2u—X; — X3)
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Fairness Interpretability

* Basic bias explanations are not additive
* Cannot handle bias interactions when mixed bias predictors are present or predictors interact

* No tracking of how mass is transported



Fairness Interpretability

* Basic bias explanations are not additive

Cannot handle bias interactions when mixed bias predictors are present or predictors interact

No tracking of how mass is transported

Game theoretical approach

Consider an ML explainer E5(X; f) of predictor X, S < {1,2, ...n}

» Predictors {X;};,cny are players that push/pull explainer subpopulation distributions apart when joining a coalition S ¢ N
*  Agame v"'%(8) = Biasy, (Es(X)|G) = W1 (Es(X)|G = 0, Es(X)|G = 1)

bias+ .
* Agame v”'"(S) = Biasy, (Es(X)|G)

* Shapley bias explanations @?!% (f|X, G) = @[vPs], @PE(f|X,G) = @[vPiast]

Biass, (f1X,6) = ) " 54(f1X,6)



Fairness Interpretability

10 fie=ocor

Example (marginal Shapley-bias explanations) N

fL=5a= %(10, —4,16,1,—3)

X\ ~NWw—a,(1-G6),05+G)
Xo~Npu—-ay(1-6)1)

Xz ~NWu—-az(1-6)1)

Xy ~N@u—as(1—-G),1-0.56)

Xg ~ N(1—as(1—G),1— 0.75G)

Y ~ Bernoulli(f (X)), f(X) = 6(TX; — 24.5)

00
04 02 0o 02 04
t
10— SHAPG=0 COF o
SHAP:|G =1 COF y /
08 /
06

Q[P E(, p[vME])] o[V (, p[vMF])]

0-1 Model Bias = 0.1229 = 0.1229 (pos) + 0.0000 (neg). 0-1 Model Bias = 0.1229 = 0.1229 (pos) + 0.0000 (neg).
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Shapley-bias explanations
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Application

Superposition [Miroshnikov et al, 2021c]

Set

i++ — maX((pi[vbias+], 0)’ ,B_1+_ — max(—goi[vbia”], 0)
IB_L'_+ = max((pi[vbias—]’())’ ﬁ_l__ = max(_(pi[vbias—]’())

Then B B B B
Biasy,(fIX,G) =3B+ ¥ " = XB ™ —XB " =0

Special case

Let f be positively-biased model, that is, Bias]j,r,1 (f1X,G) > 0, Biasy, (f|X,G) = 0. Then

Biasy, (f1X,G) = Z,B_:F - Z,B_i_

where Bt = Bt + B, B = BT + B~ (positive and negative Shapley-bias explanations)

Note: for non-additive bias explanations the above relationship is true provided f = ); f;



Application

Example

p=5a= %(10, —4,16,1,—3)

X\ ~NWw—a,(1-G6),05+G)
Xo~N—a(1-6)1)

X3 ~N(pu—-a3(1-6)1)

X, ~N(u—a,(1-6),1—056)

Xs ~N(u—as(1—G),1—0.75G)

Y ~ Bernoulli(f(X)),f(X) = J(Z(ZXi — 24.5))

Effect of compression:

(a) Subpopulation distributions
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» Compressing X;, X5 via a compressive map T (x;; x;)

o Setf = f(T(Xy;x1), X2, T (X35 %3), X4, X5), x; = E[X;]

(b) X, CDFs (c) X, CDFs
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Application

Efficient frontier via rebalancing [Miroshnikov et al 2021c]
» F={f:f =Clf(T(Xy; @), X_y)], a € A c R™}

* T(:; a) adjusts each predictor appropriately

* CJ‘] calibrates the distribution

* Efficient frontier is recovered by solving:

a,.(w) = argminf{IE[L(Y, )]+ wBiasy, (f1X, 6)}

Strategies for choosing M
1. Given m,: Ny = {i: m,-highest ﬁii}. SetM =N, UN_.
2. Givenm,: M = {i: m,-highest 8;}. Set M = N, U N_.

-Loss (deviance)
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Bayes search (gbm hyperparameters)
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0.15
Bias(W1)
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On stability of bias explanations

* Conditional bias explanations are consistent with the data; computational complexity might be infeasible under dependencies in X.

* Marginal bias explanations are consistent with the structure of the model f(x), complexity O(2™)

Lemma (stability [Miroshnikov et al 2021a])

The conditional and marginal Shapley-bias explanations have the following properties:

i 1ol (1G, @s[vEED) — 07" (flg, @s[vEED | < CIIf — gll iz

. ] ] ~ 1
i. 1ol (F1G, @s[VME]) — 9 (f1g, s [vMED| < CIIf = gllizgpyy, P = 55 Zsen Prs ® Pr_g



On stability of bias explanations

* Conditional bias explanations are consistent with the data; computational complexity might be infeasible under dependencies in X

* Marginal bias explanations are consistent with the structure of the model f(x), complexity O(2")

Lemma (stability [Miroshnikov et al 2021a])

The conditional and marginal Shapley-bias explanations have the following properties:

i 1o (F1G, ps[vCED) — 9! (flg, s [vEDI < ClIf — gll2p,

. ] ] ~ 1
i. 1ol (FIG, @s[VME]) — 9 (f1g, s [vMED| < CIIf = gllizgs gy, Px = 57 Zsen Pxs ® Pr_g

Notes (Miroshnikov et al, 2021b, arXiv:2102.10878) :

 For marginal Shapley-bias explanations continuity in L?(Px) in general breaks down under dependencies in X
« Marginal and conditional points of view can be unified via grouping and stability in L?(Py) is guaranteed

* Complexity can be reduced via quotient games and recursive approach
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