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Recap

e Counterfactual Explanations

g% Sorry, your loan application has been rejected.

If instead you had the following values, your application
would have been approved:
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Grath et al, 2018



https://arxiv.org/pdf/1811.05245.pdf

Recap

Counterfactual Fairness
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Counterfactual Examples
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Real Examples
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Kusner et al, 2017



https://papers.nips.cc/paper/6995-counterfactual-fairness.pdf

Recap

Counterfactual Face Attribution

HH# P(Smile | x)

Did classifier
output change?

Manipulate facial hair

— P(Smile | x’)
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Outline
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e Counterfactual Fairness

o Formal Methods
o Law School
o Crime Rates in NYC

e Equalized Counterfactual Odds
e Multiple Causal Worlds



Fair Causal Reasoning

Causal Fairness Criteria

Causal Graph
e | Counterfactual Fairness

e Observed Data
e Latent Data
° Relations

O Latent
@ Observed

a Observational Fairness Criteria
' e Fairness Through
~ ' Unawareness

Observed Data ~ ' e  Demographic Parity

e Equalized Odds/Opp



Causal Graph

latent observed

z~N(u, 2)




Why Do We Need Causal Fairness?

e Recover Latent Variables

Kusner et al, 2018



https://arxiv.org/pdf/1703.06856.pdf

Why Do We Need Causal Fairness?

e Recover Latent Variables

B

HH—> P(Smile | x)

Did classifier
output change?
HH—> P(Smile | x)

Manipulate facial hair

Kusner et al, 2018



https://arxiv.org/pdf/1703.06856.pdf

Why Do We Need Causal Fairness?

e Dealing with Inherent bias

Group1 Group2 Group 3

x=1
x=0 x=1

=0

Group1 Group2 Group3

X

Inherent Biases Sampling Biases



Inherent bias

e Race groups live in certain regions due to socioeconomic status

v ®

e |atent Socioeconomic factors
o More police resources in regions with low economic status
o Results in more arrests

Socioeconomid
Factors

reg ion Arrests
Kusner et al, 2018



https://arxiv.org/pdf/1703.06856.pdf

Inherent bias

e Observational Fairness Criteria Won't work
o Dataset (observed variables) contains inherent selection biases

o Concentration of police resources resulted in high arrests
o Attributing regions (and eventual race) unfairly to arrests in the dataset

socioeconomic region 1 region 2
factors

Socioeconomid
Factors

observed arrests

true crime rate

j—tobserved arrests

SOCIOECOHOmIC

factors
observed arrest rates _

Observational v
Criteria - B =14=0)




Inherent bias

e (Causal Fairness
o Intervene variables in a causal graph
o Generating samples with races that live in neighborhood that have high police resources

region 1 region 2

observed arrests

A Socioeconomid
predictions

Factors U
true crime rate

iobserved arrests

region 2

region 1

predictions

true crime rate

counterfactual

g
PVpeo U)=y|X=2,A=0a)=P ucaU)=y| X =z,A=0)




Intervention on Causal Graphs
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https://arxiv.org/pdf/1805.05859.pdf
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Counterfactual Fairness Revisited

PYpeo(U)=y|X=2,A=a)=PYucoaU)=y|X =2,A=a)

Real Examples Counterfactual Examples

Intervention on A— a Intervention on A—a'



Counterfactual Fairness

e Level1
o  Build predictors using only the observable non-descendants of A

Fairness Through Unawareness



Counterfactual Fairness

e Level2
o Build Predictors using the parents of the observable variables




Counterfactual Fairness

e Level3
o  Build Predictors by adding independent error terms
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Law School Success Dataset

e Conducted by Law School Admission Council in US
21,790 law students

Entrance exam scores (LSAT)

Grade-point average (GPA) collected prior to law school
Prediction Y = first year average grade (FYA)

Protected features = {Gender, Race}

o O O O O



Level 2 Counterfactual Fairness

e Build Predictors using the parents of the observable variables

g:@

K ~ N(0,1)

FYA ~ N(wf K + wigR +wpS,1)  GPA ~ N(bg + w§ K + wiR +wiS, 0¢)
Gaussian Dist. \ // LSAT ~ Poisson(exp(br, + wE K + wlR + w3 S))

Parameters Kusner et al, 2018



https://arxiv.org/pdf/1703.06856.pdf

Level 3 Counterfactual Fairness

e Build Predictors by adding independent error terms

@
@)
B

GPA = bg + ’ng + wgS + €q, €g ~ p<6G>
LSAT:bL—I—’LUfR—F’LUgS—l-EL, €L, Np(EL)
FYA:bF—I—w?R—F’LUgS—l-EF, €Er Np(EF)

Kusner et al, 2018



https://arxiv.org/pdf/1703.06856.pdf
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Kusner et al, 2018



https://arxiv.org/pdf/1703.06856.pdf

Results

Baseline Baseline Level 2 Level 3

Full Unaware Fair kX Fair Add
RMSE 0873  0.894 0.929 0.918

Kusner et al, 2018



https://arxiv.org/pdf/1703.06856.pdf
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Causal Graph

e Assess the fairness of the NYC arrest dataset
o 38,609 records
o  White individuals (4492)
o Black Hispanic individuals (2414)

Kusner et al, 2018



https://arxiv.org/pdf/1703.06856.pdf

Assessment Results

White (4492) White (12.1%) Arrests decreases from Arrests increases from
Black Hispanic (2414) Black Hispanic (19.8%) 5659 to 3722 5659 t0 6439
Arrest if White Arrest if Black Hispanic
Race (data) Arrested (data) (counterfactual) (counterfactual)

races / arrest S/ arrest o/ arrest
® White By No No i3 No
Black Hispanic 3 @ Yes ® Yes i ® Yes

3 \ .

Other

Kusner et al, 2018
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Equalized Counterfactual Odds

X Equality of Odds
PY =14=0Y)=P¥ =1A=1Y)

Counterfactual Fairness
PYpo M =y|X=20,A=0a)=PYucal)=y| X =z,A=a)

Equalized Counterfactual Odds
PVacaU) | X =2, Yaca =y,A=10a) = p(Yaco(U) | X =2, Yoo =y, A = a)




Healthcare Equality

e Protected Features A = {Gender}

e Features X, vector representation of coded diagnoses, procedures,
medication orders, lab results, and clinical notes

e Prediction, a binary indicator of the occurrence of a clinically relevant
outcome

u ~ p(U) = Normal(0, I)
a ~ p(A) = Categorical(A | 7)
z,y ~p(X,Y |U,A) = p(X | U, A)p(Y | U, A)




Training Objective

e O - sigmoid function
e h - predictor
e J-cross entropy loss

L= J(hg(a}, a), y) + ACF Z IL[CL + ak]J(he(erak, ak)a yA<—ak)+
ap€A

ACLP Z I[[a # ak]]]-[y = yA<—ak] (J_l(he('x:‘R—ak? a’k)) - 0-_1(h0(x7 a)))
apL€A

2

logits



Dataset Overview

Group Count Length of Stay > 7 Days Inpatient Mortality
Asian 17,465 0.187 0.025
Black 5,202 0.239 0.020
Hispanic 21,978 0.196 0.019
Other 11,004 0.200 0.022
Unknown 3,593 0.201 0.072
White 70,391 0.204 0.021
Female 72,556 0.167 0.018
Male 57,076 0.245 0.029
[18, 30) 15,291 0.180 0.007
[30, 45) 27,155 0.140 0.007
[45, 65) 43,529 0.222 0.025
[65, 89) 43,658 0.226 0.036

All 129,633 0.201 0.023




Results

AcLp
Group Metric N/A 0.0 0.01 0.1 1.0 10.0
Asian AUC-PRC 0.605 0.563 0.555 0.561 0.56 0.562
AUC-ROC 0.86 0.853 0.853 0.854 0.849 0.851
Brier 0.106 0.11  0.109 0.109 0.11 0.112
Black AUC-PRC 0.579 0.548 0.55 0.545 0.563 0.573
AUC-ROC 0.838 0.825 0.82 0.825 0.823 0.823
Brier 0.124 0.135 0.129 0.128 0.127 0.129
Hispanic = AUC-PRC 0.592 0.558 0.565 0.57 0.564 0.56
AUC-ROC 0.862 0.855 0.856 0.861 0.853 0.854
Brier 0.113 0.117 0.115 0.114 0.117 0.118
Other AUC-PRC 0.549 0.557 0.557 0.563 0.553 0.561
AUC-ROC 0.824 0.827 0.819 0.824 0.819 0.827
Brier 0.122 0.124 0.121 0.121 0.122 0.124
Unknown AUC-PRC 0.675 0.616 0.616 0.606 0.614 0.633
AUC-ROC 0.9 0.891 0.888 0.893 0.891 0.887
Brier 0.104 0.106 0.103 0.103 0.105 0.111
White AUC-PRC 0.575 0.568 0.564 0.559 0.562 0.563
AUC-ROC 0.847 0.84 0.839 0.838 0.838 0.837
Brier 0.118 0.12 0.118 0.12 0.12 0.121




Results

e Difference in the counterfactual versus factual predicted probability

CF: Asian CF: Black CF: Hispanic CF: Other CF: Unknown CF: White
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Multiple Causal Graphs

e Whether a student can graduate on time

@

U Y y
e o) (motivated) (graduated)

He

Russell et al, 2017



https://papers.nips.cc/paper/7220-when-worlds-collide-integrating-different-counterfactual-assumptions-in-fairness.pdf

Alternative Definitions of Counterfactual Fairness

Exact Formulation

P(YAFG U)=y|X=x,A=a) :P(?AFGI(U) =y|X=z,A=a)

€ - Approximate Formulation

|f(XA<—a,CL) = f(XA<_a/, CL’)‘ < e€

(O, €)- Approximate Formulation

P(|f(Xacara) — f(Xaca,d)| <e| X =x,A=0a)>1-§



Multi-world Counterfactual Fairness

™m 1 n
mm—Z€ (Xi,04),Yi) + A o2 2 wi(f,xi,a;,a")
loss of the data g=1 ~i=1a’#a; counterfactual
examples
world |
Nj(f)x’ha’?,) . Zma’x{o ’f 1,AJ —a; y A ) f(X A3<—a’7 | —6}

Monte_carlo Samples € - Approximate Counterfactual Fairness



Law Graduate School

law school

CE

@@ grade

'EB'

G = bg + WHA + eg

L=br+wiA+ep

Y =by + wiA+ey

ea,€r, ey ~N(0,1)
L3 Method

GNN(bG-I-wAA—I-wU

U Jg)

L ~ Poisson(exp(by, + wi A +w¥TU))

Y ~ N(wpA+wyU, 1)
U~ N(0,1)

L2 Method

Russell et al, 2017



https://papers.nips.cc/paper/7220-when-worlds-collide-integrating-different-counterfactual-assumptions-in-fairness

Results

constant predictor
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https://papers.nips.cc/paper/7220-when-worlds-collide-integrating-different-counterfactual-assumptions-in-fairness

COMPAS

COMPAS

Uy

(juvenile

(juvenile
felonies)

X
(num.
priors)
: Up E A
T ~ Bemoulli(¢(br + wi”Up + we E + wg A)

C ~N(be +wlPUp +wEE + wlA + wiT + wEP + wlF Jp +wl Iy, 00)
P ~ Poisson(exp(bp +woPUp + whE + whA))

Jr ~ Poisson(exp(by, + wy; + wiE + w?FA))

Russell et al, 2017

Jy ~ Poisson(exp(by,, + wﬂjﬂj + waE + w:?M 4))
[UJ7UD] NN(Oaz)


https://papers.nips.cc/paper/7220-when-worlds-collide-integrating-different-counterfactual-assumptions-in-fairness

Results

MWF (linear)
MWF (deep)
unfair (linear)
unfair (deep)
constant
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https://papers.nips.cc/paper/7220-when-worlds-collide-integrating-different-counterfactual-assumptions-in-fairness

Reading Assignments

Wu, Yongkai, Lu Zhang, Xintao Wu, and Hanghang Tong. PC-Fairness: A
Unified Framework for Measuring Causality-based Fairness, NeurlPS 2019
Chiappa, Silvia. Path-specific counterfactual fairness, AAAI 2019

Balcan, Maria-Florina F., Travis Dick, Ritesh Noothigattu, and Ariel D.
Procaccia. Envy-free classification, NeurlPS 2019

Qureshi, Bilal, Faisal Kamiran, Asim Karim, Salvatore Ruggieri, and Dino
Pedreschi. Causal inference for social discrimination reasoning, Journal of
Intelligent Information Systems 2019

Zhang, Junzhe, and Elias Bareinboim. Equality of opportunity in classification:
A causal approach, NeurlPS 2018



