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Agenda

Part |
» Introduce alg fairness considerations via a series of examples
> Statistical fairness criteria
> Issues with statistical fairness criteria

Part Il
» Introduce causal inference
» Relevant causal concepts, e.g., mediation and path-specific
effects
» General causal perspective on algorithmic fairness constraints

Part Ill
» Imposing causal fairness constraints via constrained optimization

» Example application
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Example: racial bias in health risk screening algs

» Obermeyer et al. (2019) examine a commercial risk prediction
algorithm used to manage health decisions for millions of
hospital patients.

» “The algorithm’s stated goal is to predict complex health needs
for the purpose of targeting an intervention that manages those
needs.”

» Each patient is assigned risk score R by the alg: prediction of
medical expenditures Y based on claims data from previous year
X

> Are black and white patients with same predicted risk R actually
equally healthy? l.e.,is E[H | R, White] = E[H | R, Black]?
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Example: racial bias in health risk screening algs

» IsE[H | R, White] = E[H | R, Black]?
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Example: racial bias in health risk screening algs

» Across various definitions of “healthy,” less-healthy Blacks scored
at similar risk scores to more-healthy Whites.

> = scores are used to screen patients for a care management
program, so Black patients are systematically under-enrolled

» What's going on here, and how can it be fixed?
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Example: racial bias in health risk screening algs
Note: estimated risk R accurately predicted Y, did not include race
among the features X, and was approximately calibrated by race
(higher R = higher Y for both racial groups)
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Example: racial bias in health risk screening algs
However, medical expenditures Y differed systematically by race.
More severely ill Black patients —> lower medical expenditures than

healthier White patients
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Example: racial bias in health risk screening algs

Diagnosis: “Health costs # health needs”
& socially unequal society = racial disparities in health costs

Authors propose alternative predictive algorithms (e.g., predicting
chronic disease incidence) and see marked decrease in subsequent
disparities in enrollment into the intervention

Key takeaways:

» Target of prediction (label) can be a bad proxy for the underlying
quality of interest, disparities can be “built in” to the outcome Y
(“label choice bias”)

» Race info was not used in building the algorithm, so direct use of
race is neither necessary nor sufficient for disparities to arise

» In this case, E[H | R, White] = E[H | R, Black] was used as a
criterion to diagnose a problem
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Example: financial lending algs

Clients apply to bank for loans. Banks make decisions based on
default risk: won’t give loan to “risky” clients. Roughly:

» Based on historical data, model predicts timely repayment vs.
non-repayment (Y = 1 vs 0)

» For new client, based on their characteristics use model to
estimate P(Y =1)

» Use some threshold to differentially offer loans to clients on the
basis of these predictions
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Example: financial lending algs

> Legal concerns may prevent bank from using protected attribute
“race” directly in this model.

» However, strong correlations btw race and other vars (zipcode,
neighborhood SES, home ownership, parental education, ...)
may lead to very different loan rates across race groups even in

“race-blind” model.

» Exclusion of race makes little practical difference to loan

decisions.

Financial inclusion vs. negative impact on minorities
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Example: financial lending algs

Key takeways:
> “Proxy correlations” illustrate how simply excluding race will fail to
address equity

» Empirical studies suggest that more accurate algorithms my
exacerbate disparities (not eliminate)

» Why? “triangulation of race” by algorithms and/or detection of
nonlinear relationships among race, outcomes, and other vars
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Example: automated resume screening for hiring

» Many institutions use algorithmic tools to automatically screen
(or rank) resumes of job applicants.

» The training data may be resume text, but also sometimes may
include bespoke questionnaires, “video resumes,” or game play
interactions.

» Targets of prediction may include performance reviews, sales
numbers, or retention time based on past employees. May also
include abstract scores of cognitive or behavioral traits. See
Raghavan et al. (2020).

! ZipRecruiter

Wed 11/8/1
ZipRecruiter’s “Great Match” badges 11/41



Example: automated resume screening for hiring
» Infamous example: Amazon developed (but supposedly never
used) a resume screening tool that was found to favor male job
applicants. According to Reuters report:

> Penalized resumes that included the word “women’s,” as in
“women’s chess club captain.” Downgraded graduates of two
all-women’s colleges.

» Favored candidates who described themselves using verbs more
commonly found on male engineers’ resumes, such as “executed”
and “captured.”

» Some companies evaluate their software for bias, often including
compliance with legal standards and UGESP “4/5 rule”

> A particular worry is “differential validity”: when an assessment is
better at ranking members of one group than another
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Example: automated resume screening for hiring

» Deshpande et al. (2020) study nationality-related socio-linguistic
bias in a document “similarity matching” tool for resume
screening

» Data from Singapore, resumes of either Chinese, Malaysian, or
Indian origin = standard approach led to severe downweighting
of Chinese applicants.

» Authors propose a modification that penalizes “matching
keywords that are typical to one section of society while
encouraging matching keywords that are common among all
demographics.” = More even distribution of matched resumes
from different nationalities.

Table 5: Top Words from China before and after de-biasing

Before de-biasing  After de-biasing

china management
management financial
financial research
business investment
investment business
research credit
university finance
finance company
company university
kong fund
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Example: recidivism risk prediction

» Algorithms for recidivism risk prediction have been used in
various criminal justice contexts: pretrial release conditions, bail
determinations, probation eligibility, etc.

» COMPAS is a tool (and now widely used benchmark dataset)
from the company Northpointe that has been at the center of
much attention since ProPublica published its critical analysis in
2016

» ProPublica’s analysis mostly focused on differences in error
rates:

»> “Black defendants were far more likely than white defendants to be
incorrectly judged to be at a higher risk of recidivism”

> “White defendants were more likely than black defendants to be
incorrectly flagged as low risk”
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Example: recividism risk prediction

Prediction Fails Differently for Black Defendants

WHITE AFRICAN AMERICAN
Labeled Higher Risk, But Didn’t Re-Offend 23.5% 44.9%
Labeled Lower Risk, Yet Did Re-Offend 47.7% 28.0%

Overall, Northpointe’s assessment tool correctly predicts recidivism 61 percent of the time. But blacks are almost twice as likely
as whites to be labeled a higher risk but not actually re-offend. It makes the opposite mistake among whites: They are much

more likely than blacks to be labeled lower risk but go on to commit other crimes.

ProPublica analysis

White African American

Labeled Higher Risk, But Didn’t Re-Offend  41% 37%
Labeled Lower Risk, Yet Did Re-Offend 29% 35%

Northpointe analysis
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Example: recidivism risk prediction

Table 3.3: AUC results for the General Recidivism Risk Scale (GRRS)
decile scores and Violent Recidivism Risk Scale (VRRS) decile scores
in the data analysis samples used for ProPublica’s reverse logistic
regression models (Sample A).

base Lower  Upper
Sample n  events rate AUC 95% CI 95% CI
GRRS
White 2103 822 0.39 0.693 0.670 0.716
Black 3175 1661 0.52 0.704 0.686 0.722
All 6172 2809 0.46 0.710 0.697 0.723
VRRS

White 1459 174 0.12 0.683 0.640 0.726
Black 1918 404 0.21 0.708 0.680 0.737
ALL 4020 652 0.16 0.719 0.698 0.741

Note. GRRS outcome is a misdemeanor or felony arrest. VRRS outcome is a
violent misdemeanor or felony arrest.

Northpointe analysis
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Example: recidivism risk prediction

Risk of General Recidivism Logistic Model

Dependent variable:

Score (Low vs Medium and High)

Female 0.221*** (0.080)
Age: Greater than 45 -1.356*** (0.099)
Age: Less than 25 1.308*** (0.076)
Black 0.477*** (0.069)
Asian -0.254 (0.478)
Hispanic -0.428*** (0.128)
Native American 1.394* (0.766)
Other -0.826*** (0.162)
Number of Priors 0.269*** (0.011)
Misdemeanor -0.311*** (0.067)
Two year Recidivism 0.686*** (0.064)
Constant -1.526*** (0.079)
Observations 6,172
Akaike Inf. Crit. 6,192.402

Note: *p<0.1; **p<0.05; ***p<0.01
ProPublica analysis
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Example: recidivism risk prediction

ProPublica: focus on FPR and FNR, are these equal across groups?

Northpointe: focus on PPV, is probability of recidivating, given a high
risk score, similar for blacks and whites?
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Example: recidivism risk prediction

ProPublica: focus on FPR and FNR, are these equal across groups?
Northpointe: focus on PPV, is probability of recidivating, given a high
risk score, similar for blacks and whites?

ProPublica also ask if race is conditionally associated with score

values.

Northpointe also ask if overall accuracy (AUC) is similar across
groups.
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Warning: there are a lot of issues with the COMPAS

data!

» Biasin Y is a big issue. “Re-arrest” # “Re-offense” # “failure to
appear/pretrial flight”...

» Bias in covariates and bias in demographic labels (are these
measuring appropriate things?)

» Complicated relationship between risk predictions and actual
judicial decisions

» Important normative/ethical questions about role of risk
assessment in criminal justice reform are typically ignored.

Table 1: Issues with the COMPAS Dataset

Issues with COMPAS Dataset CS translation

Arbitrary choice of threshold for
assessing classification disparities
2-year follow-up period includes arrests
after case closed (no longer pretrial)
Differing follow-up periods for
rearrested vs. not rearrested individuals

Restricted range of risk scores Issues with distribution of data D

See Bao et al. (2022)

Incorporate discretion
Bias in outcome value Y

Bias in outcome value Y

19/41



Shared structure of prediction tasks

Hiring, admissions (e.g., university), financial lending, & targeted
advertising are common examples in algorithmic fairness lit because
they share similar structure: predict “good candidate” from available
features in order to differentially distribute some valuable thing.

These tasks are also subject to legal restrictions that are
complicated, often related to “disparate impact.”

Risk prediction in criminal justice and healthcare can be quite
different, affecting distribution of both “good” and “bad” things
(resources, punishment) depending how they’re used. No reason to
expect one-size-fits-all answers.
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Shared structure of prediction tasks

Nevertheless, most typical framing in alg fairness work has been as a
(supervised) prediction problem, with subsequent decision as a
simple function (e.g., thresholding) of predicted value.

Y =E[Y | X]

Assume decision D = f(Y), e.g., D =1(Y > 7).

Often Y is actually imperfect proxy for a latent attribute
(“credit-worthiness,” “academic success”).

Alternative tasks include: rankings/recommendations, unsupervised
learning (e.g. clustering by attributes), or optimal decision-rule
learning problems.
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Data reflect the socially stratified, disparate, and unfair reality
behind the data.

One kind of approach would be to intervene on the reality behind the
data or how data is used. Another approach is to intervene on the
algorithm.
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Statistical fairness criteria

Many researchers have focused on modifying algorithms to respect
“fairness constraints”:

» Decision 1L Group (“statistical parity”)
» Decision 1L Group | Y (“equalized odds” or “equal error rates”)

» Y 1l Group | Decision (“equal positive/negative predictive
values” or “calibration”)
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Statistical fairness criteria

Many researchers have focused on modifying algorithms to respect
“fairness constraints”:

> Y U Group (“statistical parity”)  [also ¥ L Group | Covariates]
>V U Group | Y (“equalized odds” or “equal error rates”)

> Y Il Group | Y (“equal positive/negative predictive
values” or “calibration”)
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Statistical fairness criteria

Many researchers have focused on modifying algorithms to respect
“fairness constraints”:

> Y U Group (“statistical parity”)  [also ¥ L Group | Covariates]
>V U Group | Y (“equalized odds” or “equal error rates”)

> Y Il Group | Y (“equal positive/negative predictive
values” or “calibration”)

Note: these can go under other names in the literature...
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Conflicts

Chouldechova (2017) shows that so long as base rates differ across
groups (e.g., diff recividism rates), then “equal error rates” and “equal
positive/negative predictive values” cannot be both satisfied.

Follows from:

_p 1-PPV
FPR = 1-p PPV
where p is prevalence (base rate).

(1 - FNR)
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Conflicts

Kleinberg et al. (2016) prove a similar incompatibility result for
balance in the positive class, balance in the negative class,' and
calibration within groups. (Let Y be a score, Y binary.)

Balance in positive class: ¥ 1L Group | Y =1
Balance in negative class: ¥ 1L Group | Y =0

Calibration within groups: P(Y =1 | Y, Group) = Y.

1These are actually typically defined using “mean scores”: e.g.,

E[Y | Y =1,Group,] = E[Y | Y = 1, Group,)]
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Conflicts

Kleinberg et al. (2016) prove a similar incompatibility result for
balance in the positive class, balance in the negative class,' and
calibration within groups. (Let Y be a score, Y binary.)

Balance in positive class: ¥ 1L Group | Y =1
Balance in negative class: ¥ 1L Group | Y =0
Calibration within groups: P(Y =1 | Y, Group) = Y.

Theorem: If there is a risk assignment satisfying balance in positive
class, balance in negative class, and calibration within groups, then
there must either be perfect prediction or equal base rates.

1These are actually typically defined using “mean scores”: e.g.,

E[Y | Y =1,Group,] = E[Y | Y = 1, Group,)]
26/41



Conflicts

Barocas et al. (2019) also derive similiar conflicts between “statistical
parity” and the other two, when base rates are not equal.

The proof for equalized odds is easy. Let A denote group
membership. Assume Y /. A (unequal base rates). Then statistical
parity and equalized odds cannot both hold.

Y1 AandY LAY = (V,Y)1L A = Y 1 A
Follows from contraction and decomposition properties of 1L.. So:

YAA= Y AAorY LAY
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Conflicts

This presents a problem: if associational fairness criteria are each
seemingly plausible but mutually incompatible in real problems, which
should we sacrifice?
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Imposing statistical fairness constraints

There are various approaches to training prediction algorithms to
enforce such statistical constraints.

The most straightfoward is simply penalizing violations of the chosen
constraint in the training procedure:

~

f = argmin E[L(Y, f(X))] + AR
feF

where R is a non-negative regularizer indicative of the extent to which
the fairness criterion is violated, )\ is a non-negative tuning parameter,
and L is a loss function.
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Imposing statistical fairness constraints

There are various approaches to training prediction algorithms to
enforce such statistical constraints.

The most straightfoward is simply penalizing violations of the chosen
constraint in the training procedure:

~

f=argminE[L(Y, f(X))] + AR
fer
where R is a non-negative regularizer indicative of the extent to which
the fairness criterion is violated, )\ is a non-negative tuning parameter,
and L is a loss function.

EX: Rpqodas = 22,2, D(P(f | A=a,Y =y)||P(f |V =y))
where D(:||-) is some function that measures distance between
distributions.
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Consequences in applied problems

Demographic Parity Equalized Odds Equal Opportunity
c

EMD

Mean Diff.

EMD (y=1)

Mean Diff. (y=1)

RCE

Sign. RCE

T 0% 102 107 10° 10 10° 107 107 10° 10" 10° 107 107 10° 10’
Regularization A

From Pfohl et al. (2021) in an application predicting risk of 30-day hospital readmission using STARR database

Group

4 Asian
4 Black
-4 Hispanic
4 Other
4 White
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Consequences in applied problems

0.0020
0.0015
0.0010
0.0005
0.0000

RCE

Sign. RCE

-0.01
102 102 107" 10° 10' 10 102 107" 10° 10' 10 102 107 10° 10
Regularization A

From Pfohl et al. (2021) in an application predicting risk of 30-day hospital readmission using STARR database
RCE denotes a measure of “relative calibration error” by group, i.e.,

how differentis P(Y = 1|Y, A = a;) from P(Y = 1|Y) for each
group a;.
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Consequences in applied problems

Demographic Parity Equalized Odds Equal Opportunity
B c
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0.000
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0002

RCE

0.001

Sign. RCE
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Regularization A

From Pfohl et al. (2021) in an application predicting risk of 30-day hospital readmission using STARR database
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Note: these issues are not specific to these fairness constraints! Can
ask same questions for other statistical and causal constraints.
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Possible causal structures underlying the data

» A denote relevant group membership

> Y denote outcome of interest (health, loan repayment,
recidivism)

» M denote variables causally dependent on group membership

» X denote other covariates

In this case we assume A and X are independent, though can also allow that
A and X are associated somehow (e.g., selection into sample)
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DAGs (briefly)

» Arrows in the DAG represent (possible) causal relations among
variables (e.g., that “skill level is a cause of job performance”)

» Conditional independence relations among variables can be read
from the DAG looking at “blocked” paths (d-separation criterion
tbd later)

» If all independence relations among variables follow from
d-separation in a DAG we say the distribution is “faithful" to the
DAG. This implies there are no “accidental” or “non-structural”
independence relations.
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Possible causal structures underlying the data

» A denote relevant group membership

> Y denote outcome of interest (health, loan repayment,
recidivism)

» M denote variables causally dependent on group membership

» X denote other covariates

In this case we assume A and X are independent, though can also allow that
A and X are associated somehow (e.g., selection into sample)
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Possible causal structures underlying the data

(1)
X QI'AA@

> Even if prediction alg does not use A, as long as there is a_
mechanism connecting A to any variable that determines Y,
statistical parity will be violated: Y /L. A
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Possible causal structures underlying the data

(1)
X 9‘5@
©

> Even if prediction alg does not use A, as long as there is a_
mechanism connecting A to any variable that determines Y,
statistical parity will be violated: Y /L. A

> Also guaranteed to violate equalized odds: ¥ /L A | Y by
d-separation in DAGs (tbd later) due to “collider” at Y’
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Possible causal structures underlying the data

> If A— .- =Y, will not have calibration generally, Y /L A | Y

» Can achieve calibration either if A is causally inert (doesn’t cause
Y or M) or in “fringe” cases, e.g., Y =Y or Y = A or various
combos of associations nearly cancel out (“unfaithfulness”)
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Possible causal structures underlying the data

> If A— .- =Y, will not have calibration generally, Y /L A | Y

» Can achieve calibration either if A is causally inert (doesn’t cause
Y or M) or in “fringe” cases, e.g., Y =Y or Y = A or various
combos of associations nearly cancel out (“‘unfaithfulness”)
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Possible causal structures underlying the data

> If A— .- =Y, will not have calibration generally, Y /L A | Y

» Can achieve calibration either if A is causally inert (doesn’t cause
Y or M) or in “fringe” cases, e.g., Y =Y or Y = A or various
combos of associations nearly cancel out (“‘unfaithfulness”)

» Modifying algs to impose these fairness constraints induce
unfaithfulness on the joint distribution (cf. Glymour & Herington
2019)
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These considerations have led to various causality-informed
perspectives on algorithmic fairness.

Up next: relevant background on causality
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Overview

1 Basics of causal inference
» Potential outcomes and graphs: the mathematical language of
causation.
» Causal parameters (the average causal effect).
> |dentification and estimation (briefly).

2 Mediation Analysis

> Motivation: discrimination and etiology.
» Direct and indirect effects.
» Identification and estimation (briefly).

3 Causal fairness criteria.

» Causal versions of associative criteria.

» Actual cause inspired counterfactual fairness (Kusner et al, 2017).

» Causal fairness based on resolving or proxy variables on causal paths
(Kilberus et al, 2017)

» Constraining path-specific effects (Nabi et al).
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Basics Of Causal Inference
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Getting Causality From A Statistical Model

» Can learn model parameters from data.

» Would be great if we could interpret them causally.

» Example: large coefficient in linear regression — large causal effect
(guns cause murders, alcohol causes accidents, etc.)

» But everyone knows: association does not imply causation:

> People in hospitals tend to be sick. Therefore | should not go to the
hospital — it will make me sick. (N.B.: not entirely unreasonable!)

» People who own olympic gold medals in running tend to be fast
runners! Therefore to become fast, | should buy a medal!

» “Cargo cult” or superstitious behavior.

» When does association imply causation?
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