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Artificial Intelligence in the wild

* Several applications of Al in society have raised serious concerns about bias and discrimination
of minority or underrepresented subgroups, with nefarious consequences to “real people”.
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Fugett was rated low risk after being arrested with cocaine and

marijuana. He was arrested three times on drug charges after that. P i Iot P a rI i a m e ntS B e n C h m a rk




[ArorTO

Al and Society Course ﬁ: FACULDADE DE CIENCIAS
UNIVERSIDADE DO PORTO

What is a bias?

Ntoutsi, Eirini, et al. "Bias in data-driven artificial intelligence systems -- An introductory survey."
Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery 10.3 (2020): e1356.
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Examples of Bias: COMPAS

* Used in US court to predict risk of recidivism.

* According to ProPublica study in 2016:

Labelled higher risk - but didn’t re-offend (FP) 23% 45%
Labelled low risk - did re-offend (FN) 48% 28%

* Northpointe’s argument: accuracy for white and black is the same (~60 %)
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Examples of Bias: Tay, the racist chatbot

3 gerry X
MICROSOFT / WEB / TL;DR ~ @geraldmellor - Follow
TWitter taught MiCI‘OSOﬂ:’S AI ChatbOt tO "Tay" went from "humans are super cool" to full naziin <24

be a raCist asshole in Iess than a day hrs and I'm not at all concerned about the future of Al
/S L e e (2] g TayTweets © (2

@mayank_jee can i just say that im : " ;
stoked to meet u? humans are super UnkindledGurg @PooWithEyes chill

cool 1 a nice person! i just hate everybody

3/2016, 20:32 03/2016, 08:59

g TayTweets & :_g TayTweets & S
@TayandYou

@TayandYou

NYCitizen07 | fucking hate feministsPrightonus33 Hitler was right | hate
d they should all die and burn in hel€ jews.

By James Vincent, a senior reporter who has 03/2016, 11:41 03/2016, 11:45
eight years at The Verge.
Via The Guardian | Source TayandYou (Twitte
5:56 AM - Mar 24, 2016 ®

Mar 24, 2016 at 10:43 AM GMT

@) f o 0 Comments (0 ¥ 108K ’ Reply 2, Share

Read 251 replies
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Examples of Bias: Amazon’s Recruiting

NEWS

*  Feeding historical data over a 10 year Why i_t's totally unsur_prising th.at Amazon's
period, where employee hires are mostly recruitment Al was biased against women
m a I e. Isobel Asher Hamilton Oct 13,2018, 9:00 AM WEST * Share R Save

* Algorithms find patterns within data,
creating disadvantages for candidates that:

*  Went to certain Women'’s Colleges

* Contained the word “women” in the
resumé, such as “women’s rugby team”

* Privileged resumés included certain
verbs more commonly used by men,
such as “executed” and “captured”.
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Examples of Bias: Diffusion Bias Explorer

e Research has shown that certain words are considered more masculine- or feminine-coded based on how
appealing job descriptions containing these words seemed to male and female research participants and to what
extent the participants felt that they “belonged” in that occupation.

assertive gentle

Choose a first group Choose a second group

computer programmer

computer programmer

Diffusion Bias Explorer

Choose from the prompts below to explore how the text-to-image models like Stable Diffusion v1.4, Stable Diffusion
professions and adjectives

Choose a model to compare results

Stable Diffusion 1.4

Choose a second adjective (or leave this blank

Research has shown that certain words
icipants felt that they 'belonged" in

. ffusion B !

. . : Bigsed. G .
Al is even worse. Bloomberg Technology, 2023,



http://gender-decoder.katmatfield.com/static/documents/Gaucher-Friesen-Kay-JPSP-Gendered-Wording-in-Job-ads.pdf
http://gender-decoder.katmatfield.com/static/documents/Gaucher-Friesen-Kay-JPSP-Gendered-Wording-in-Job-ads.pdf
https://huggingface.co/spaces/society-ethics/DiffusionBiasExplorer
https://www.bloomberg.com/graphics/2023-generative-ai-bias/
https://www.bloomberg.com/graphics/2023-generative-ai-bias/
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Examples of Bias: Apple’s Credit

* David Heinemeier Hansson had a 20x higher credit limit that his wife despite her having a better
credit score. Similar story goes for Steve Wozniak.

DHHQ -Nov 7, 2019 X
° . H i - @dhh - Follow
Some resPonses' Gender Is not used as InPUt' " The @AppleCard is such a fucking sexist program. My
wife and | filed joint tax returns, live in a community-
* Reflects the problem of proxies: input features might property state, and have been married for a long time.
. ' Yet Apple's black box algorithm thinks | deserve 20x
Correlate W|th 8e nd er: the credit limit she does. No appeals work.
TECH / APPLE / POLICY ¢ Steve Wozniak 0
Apple’s credit card is being investigated |E% @stevewoz - Follow
for discriminating against women The same thing happened to us. | got 10x the
/ Customers say the card offers credit limit. We have no separate bank or credit
less credit to women than men card accounts or any separate assets. Hard to
get to a human for a correction though. It's big
tech in 2019.
12:51 AM - Nov 10, 2019 ®

@ 35K @ Reply 2 Share

By James Vincent, a senior reporter who has covered Al, robotics, and more for
eight years at The Verge.

= N 20 6 7 Read 107 replies

&) (¢)(w 0 Comments (0 New)



[APrORTO

Al and Society Course FC FACULDADE DE CIENCIAS

Examples of Bias: Gender Shades

* Facial recognition algorithms of 3 commercial gender classification systems.
* Two facial analysis benchmarks were used, composed of over 70% of lighter-skinned subjects.

Microsoft

Cognitive Services

93.6%

of error

B Microsoft

Error analysis reveals 93.6% of
faces misgendered by Microsoft
were those of darker subjects.

An internal evaluation of the
Azure Face API is reportedly being
conducted by Microsoft. Official
Statement.

Statement to Lead Researcher.



What harms can be propagated?
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Algorithmic Decisions

*  What is the difference between an algorithmic decision and a traditional decision?
* Think about the 3 components of a WMD (Weapons of Math Destruction)

e Opacity, Scale, and Harm

Automated systems are not POTENTIAL HARMS FROM ALGORITHMIC DECISION-MAKING
inherently neutral. They reflect INDIVIDUAL HARMS COLLECTIVE
the priorities, preferences, and ILLEGAL DISCRIMINATION UNFAIR PRACTICES SOCIAL HARMS W EA P [] N s [] F

prejudices - the coded gaze - of HIRING

tlm-se \\‘h(; have ch6 p()\‘\‘el“ to mold EMFLOYIIEN: \ M ATH I] E s T R“ [:“ ﬂ N

e e INSURANCE & SOCIAL BENEFITS LOSS OF OPPORTUNITY
artificial intelligence. %q
HOUSING —
EDUCATION E W
| S
We risk losing the gains mad CREDIT B ~o°
e risk losing the gains made : ECONOMIC LOSS = M
with the civil rights movement %
HOW BIG DATA INCREASES INEQUALITY

and women's movement under the LOSS OF LIBERTY
false assumption of machine INCREASED SURVEILLANCE SOCIAL

v
neutrality. We must demand STEREOTYPE REINFORCEMENT STIGMATIZATION 7 CATHY O"NEIL
//

AND THREATENS DEMOCRACY g

DIGNATORY HARMS

A NEW YORK TIMES NOTABLE BOOK

/2 B ER\WAN

increased transparency and
accountability.
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Harmful Effects of Bias in Al Systems

Majority of fairness research focuses
on these two harms

I N BN B B D B B B D D B B B B DI DI B B B B B B B . . _I

I Allocation Quality-of-Service | Representation

R system extends or The system does | The development/usage of

I witholds opportunities, not work equally well | the system overrepresents

| resources, or information. for all groups. | or underrepresents

l | certain groups.

| I [ |

| Stereotyping I Denigration | Procedural I

I The system reinforces ! The system is actively I The system makes decisions in I

: stereotypes. l derogatory or offensive. | a way that violates social norms. :
|

Most prevalent in Closely related to interpretable J
unstructured data machine learning
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Allocative Decisions and Allocative Harms

* Allocative Decisions include high impact decisions of resource or opportunity allocation:

e Criminal justice (granting bail, parole, sentencing, crime prediction)

e Human resources (hiring, school admission, promotion)

* Serving of online advertisements (e-commerce prices)

e Loan granting (loan calculation, credit scoring, mortgage lending)

* Fraud and abuse detection (suspensions on social networks)

* Prioritization of medical services (access to medicines, procedures, triage)

* Allocative Harms are therefore immediately observable and (relatively) easy to quantify,
since they involve a lack of allocation:

e Loss of freedom (criminal justice)

* Loss of livelihood (work/education)
* Loss of life (medicine)

* Loss of financial opportunity (loans)

(...)

* In many scenarios, algorithms have the opportunity to improve current policies that
mistreat underserved communities.
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Representational Decisions and Representational Harms

Representational Decisions summarize a concept or
individual with the end goal of answering a question or

performing a given task: What kind of

beauty do we
want Al to learn?

e (Textual) Search Engines

* Autocomplete Tools

* Image Search and Image Generation

e Language Translation

* Generative Language Models

* Recommender Systems

* Information feeds (Facebook, X, TikTok)

Representational Harms are not obvious to measure: they evolve over time, shape public
discourse and perception, reinforce unfair associations, prejudices, or stereotypes, and may
normalize unfair allocative decisions that affect people’s freedom and livelihood.

But don’t they reflect real demographics or fields (e.g., nurse vs. engineer)?

Representational harms reflect the power and social dynamics under which models were fit.

The question becomes, what should the algorithm return then? (And that requires a framework for justice
and fairness definitions to be discussed)



Where does bias come from?
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Sources of Bias

* Bias and discrimination can creep into our systems at all steps of the machine learning
lifecyle. Each source of bias has its most appropriate mitigation strategies, so it is important to

distinguish between them: sraining
Sl sample dataset
sampling
wsammu u&sunsusm @ et

gﬁs . population defn.
& sampling

train/test spli: @ @

benchmarks
(a) Data Generation
model AGGREGATION
training definition | BIAS model
data
3 LEARNING BIAS Ripr world
- model learning VL
post-process,
o gl into system, >
human interpretation
@ test DEPLOYMENT BIAS

evaluation

EVALUATION
BIAS

)

benchmarks

(b) Model Building and Implementation

Suresh and Guttag (2021).



https://arxiv.org/pdf/1901.10002
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Sources of Bias: Historical Bias

* Pre-existing bias reflected in the data, such as representational harms (e.g., stereotypes). This
means that the data collected from the world as it is (or was) can still inflict harm on a
population.

Created by

A CEO speaking at a company event, A housekeeper doing chores around

3d render, acrylics, bright, ‘Q Jasper the house, 3d render, acrylics,

asperAl cheerful, photorealistic
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Sources of Bias: Representation Bias

* Occurs when certain parts of the input space are underrepresented: the data is not
representative of the target population, contains underrepresented subgrouos, the sampling
method used cannot capture the populations characteristics.

Wins about 1-29

Majority Classes
Minority Class
SD #1

SD #2

SD #3

® 00 @O
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Sources of Bias: Measurement Bias

* Collecting data requires design:

* Do features adequately capture complex notions needed for the decision making? Should those notions be
used? Is the outcome a well-defined measurement or a biased proxy that reinforces existing inequality? Is
that outcome worth modeling?

* Measurement bias occurs when choosing, collecting, or computing features and labels to
use in a prediction problem, related to the problem of proxies.

Two Drug Possession Arrests

Northpointe’s core product is a set of scores derived from 137 questions that are either
answered by defendants or pulled from criminal records. Race is not one of the
questions. The survey asks defendants such things as: “Was one of your parents ever
sent to jail or prison?” “How many of your friends/acquaintances are taking drugs

illegally?” and “How often did you get in fights while at school?” The questionnaire also

asks people to agree or disagree with statements such as “A hungry person has a right to
BERNARD PARKER
e

LOW RISK 3 HIGH RISK 10

steal” and “If people make me angry or lose my temper, I can be dangerous.”

‘ ‘ , ) ProPublica, Machine Bias, 201
Fugett was rated low risk after being arrested with cocaine and
marijuana. He was arrested three times on drug charges after that. h 'Nejl. On Bein D k ic. 201



http://www.verigazeteciligi.com/wp-content/uploads/2014/12/being-a-data-skeptic.pdf
https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
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Sources of Bias: Aggregation Bias
* Occurs when a "one-fits-all” model is used in data where there are distinct groups that

should be treated differently, leading to the creation of a model that is not adequate for any
groups or that fits only the dominant population.

300 300

8204 Mean Glucose Concentration*

Black persons: 23.9 x HbA,, - 25.8
White persons: 26.6 x HbA, - 41.7

250 3 250

_El
N
%
E
J p ' 4
200 200 5 3001 p-0.083+ o
=
£
> 1504 > 1504 c
8 250+
5
100 A 100 - } o
xA: = Multivariate Linear Regression IR —— Multivariate Linear Regression 2
50 .. —— Clusterwise Linear Regression 50 —— Clusterwise Linear Regression 8 200
Cluster Regression Cluster Regression =
Data Data )
0 - . - - T 0 - . . . . 3
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<
]
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Fig. 2. Illustration of biases in data. The red line shows the regression (MLR) for the entire population, while 100 -
dashed green lines are regressions for each subgroup, and the solid green line is the unbiased regression.
() When all subgroups are of equal size, then MLR shows a positive relationship between the outcome and
the independent variable. (b) Regression shows almost no relationship in less balanced data. The relationships

between variables within each subgroup, however, remain the same. (Credit: Nazanin Alipourfard.)

T r T r
6.0 8.0 10.0 12.0
HbA, Level, %

—e— Black persons --+-- White persons

Mehrabi et al. (2021). ASurvey on Bias and Fairness in Machine Learning.


https://arxiv.org/abs/1908.09635
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Sources of Bias: Learning Bias

Related to certain model choices that may amplify
disparities when building a model, such as prioritizing
overall accuracy over disparate impact. Fairness always
comes at a cost and we need to define suitable trade-
offs for it (fairness-accuracy, fairness-privacy, ...).

possible compromise
between fairmess and
accuracy

Blue Population

loan threshold: 60

denied loan / would default grante
denied loan / would pay back [JJj [l arante:

Total profit = 30800

Correct //% Incorrect 23%

s

True Positive Rate 64% Positive Rate 37%

©

Profit: 11900
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Orange Population

loan threshold: 52

denied loan / would default granted foan / defaults
denied loan / would pay back [JJ]J Il aranted loan / pays back

Correct 84% Incorrect 16%

sges8s322233223

True Positive Rate 71% Positive Rate 37%

o

Profit: 18900



https://research.google.com/bigpicture/attacking-discrimination-in-ml/
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Sources of Bias: Evaluation Bias

* Arises when misrepresentative benchmarks are used to test and compare models. If these
benchmarks are biased, then the benchmark itself encourages the development of methods that
only perform well on the subset of data represented in the benchmark.

Gender Darker Darker Lighter Lighter Largest

Classifier Male Female Male Female Gap

=l Microsoft 94.0% 79.2% 100% 98.3% 20.8%
I I .

k2 FACE™ 99.3% 65.5% 99.2% 94.0% 33.8%
I I N e

T 88.0% 65.3% 99.7% 92.9% 34.4%
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Sources of Bias: Deployment Bias

e Occurs when there is a mismatch between the problem a model is intended to solve and the
way the model is actually used. Systems do not operate outside from society and human bias.



https://www.youtube.com/watch?v=lG7DGMgfOb8

Can we avoid bias by removing sensitive information?
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Sensitive Attributes and Proxies

The notion of “Bias” and “Fairness” comes hand in hand with the concept of protected or
sensitive attributes.

These are the basis of defining groups for which bias/discrimination can occur, often referred
as priviledged/unpriviledged groups or majority/minority groups.

Protected or Sensitive Attributes are specific
characteristics of individuals that are legally or ethically
safeguarded against discrimination.

Disability
Belief
Sexual

Race/Ethnicity, Gender/Sex, Age, Disability, Religion,
Marital Status, Parental Status, Pregnancy, Genetic
Information, Socioeconomic Status, Location.

Sensitivity depends on context (e.g., employment,
healthcare, finance, education, marketing, criminal justice,
housing, insurance).

Language
Political Opinion
eteran Status
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Sensitive Attributes and Proxies

A proxy is a feature (a concrete measurement) that approximates some concept that is not
directly measured, encoded, or observable. For instance, “credit score” to approximate “credit
worthiness” or “arrest rates” to measure “crime rates” or “prior arrests + friend/family arrests” to

measure “recidivism”.

Protected Variables

Proxy Variables

Definition

Sensitive attributes are often related to
privacy and fairness, such as race,
gender, age, or disability status.

Non-sensitive attributes that indirectly

correlate with protected variables and may

unintentionally introduce bias.

Example

- Race or ethnicity
- Gender (Sex)

- Age

- Disability status

- Zip code (correlated with race and
income)

- Education level (correlated with age)
- Job title (correlated with gender)

Usage

- Used to assess and monitor fairness in
machine learning models.

- Protected from direct use to prevent
discrimination.

- May inadvertently introduce bias if not
considered during model| development.
- Should be identified and addressed to
ensure fairness.
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Sensitive Attributes and Proxies

Proxies become problematic when they are poor reflections of the target concept or when

they are generated differently across groups. They can be an oversimplification of a complex
concept (e.g., GPA used as proxy for "successful student"). There can also be problems when
measuring proxies, if the method or accuracy of the measurement varies across groups.

Sensitive
Variable

Sex

Race

Disabilities

Marital
status

Age

Example Proxies

Level of education, salary and income (in some countries), occupation, history of a felony charge, keywords in user-generated content (for
example, in a résumé or social media), being a university faculty

History of a felony charge, keywords in user-generated content (for example, in a résumé or social media), ZIP or postal code

Speed of walking, eye movement, body posture

Level of education, salary and income (in some countries), and house size and number of bedrooms

Posture and keywords in user-generated content (for example, in a résumé or social media)



Individual and Group Fairness
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Fairness Definition: What is Fairness?

“Fairness is the absence of any prejudice or favoritism towards an individual or group based
on their intrinsic or acquired traits in the context of decision-making.” (Mehrabi et al., 2021)

 However, one key challenge is that there is no universally accepted definition of what it
means for a model to be fair, and there is no clear guideline on which fairness measures are the
“best”.

* Fraud predictions: minimize the risk that certain individuals or groups are incorrectly
suspected of fraud.

* School admissions: ensure that each individual or group has the same probability of being
admitted to the education program.

e For each notion, different fairness measures have been proposed. However, it is impossible to
satisfy all of them simultaneously, so framing our problem correctly and choosing
appropriate definitions and measures of fairness is crucial!
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Fairness Definition: Individual vs. Group Fairness

* “Fairness” unpacks several different notions, although the most common are:

* Individual Fairness: Similar individuals should
receive similar predictions.

Individual

Fairness Fairness

* Group Fairness: Groups defined by splitting
the population by protected attributes (e.g.,
race, gender ) should be treated equally.

e In practice, it is difficult to find a similarity metric

that measures the fairness degree between oy o el Groups defined by

individuals. In this course, we will focus on 'EC:'Ves'm"ar PI'.otec.tec..‘:attrll:utes
o . . outcomes or receive similar outcomes

group fairness, for which a wider range of treatments ——

fairness metrics can be studied.
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Group Fairness: Equality of Outcome and Equality of Opportunity

* Group Fairness focuses on the treatment of sensitive groups, frequently considered in
fairness research.

e Theoverall goal is to determine whether the minority group is treated in the same way as
the majority group. There are two main ways to assess group fairness:

¢ Equality of Outcome: The outcome distribution across groups should be the same (e.g.,
same success rate for Black, Hispanic, White, and Asian candidates in a hiring system).

* Equality of Opportunity: Different groups should be given the same opportunity (e.g.,
individuals who qualify for a positive outcome should be treated equally regardless of their

ethnicity.



[APORTO

Al and Society Course FACULDADE DE €
FC UNIVERSIDADE DO PORTO

Equality of Outcome and Demographic Parity

* Equality of Outcome strives to achieve an equal likelihood of positive predictive outcome
(success rate).

* For instance, success rates should be equal for “male” and “female” groups, which
mathematically is defined as:

P(Y =1|A = Male) = P(Y = 1|4 = Female)

« Y represents the predicted outcome (1/0) and 4 is the sensitive attribute (“gender”).
* Overall, this could be expressed as:

P(O — CfL|G — gl) = P(O == C@|G — 92)
* Considering C; as the outcome/class and groups g, € G (with G being the sensitive attribute).

* For instance, considering we are looking for the top 10% candidates to a job and we have 50
male / 30 female candidates, we would like that 5 men and 3 women are successful.
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Disparate Impact Ratio & Statistical Parity

°

Based on the equality of outcome (equal success rates), we can define two popular fairness
metrics: Disparate Impact Ratio and Statistical Parity.

The Disparate Impact Ratio (DIR) quantifies the deviation from equality based on demographic
parity as:

B P(O — CZ|G — gl) o SRgl

DIR = = ==
P(O — CZ|G — gg) SRgz

For our example this would be SR 416 / SRmaler @S We normally start with the success rate of
the disadvantaged group.

DIR ranges from [0,], where a value of 1 is ideal, indicating demographic parity. Deviations
towards higher (positive bias) or lower (negative bias) values reflects from deviations from fairness
according to the definition.
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Disparate Impact Ratio & Statistical Parity

« Statistical Parity (SP) considers the difference in success rates rather than a ratio and is defined
as:

SP = P(C = CZ|G = gl) — P(O = O,L|G = 92> — SRgl — SRgz

* In our example, this would be SR = SRimale

* Ideally, SP should approximate 0, and in this case positive values indicate positive discrimination,
whereas negative values indicate negative discrimination (e.g., discrimination for the female

group).
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Equality of Opportunity and Equalized Odds

* Rather than looking globally at the success rates, the Equality of Opportunity aims to ensure that
individuals that qualify for a positive outcome are treated similarly regardless of their
membership to a particular demographic group, which requires the True Positive (TPR) to be
equal across groups.

PY=1G=¢g.,Y=9)=PY =1G=¢,Y =9),y=1

« Yisthe predicted outcome, whereas Y is the actual outcome.

* For the equality of opportunity, the positive class (1) is considered the target and seen as the
representative of providing an opportunity to individuals (e.g., admission to school, receiving
a work promotion, being given a loan).
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Equality of Opportunity and Equalized Odds

* Derived from the notion of equal opportunity is the Equalized Odds metrics, which measures
whether a given prediction is independent of the group of a sensitive attribute:

PY =1|G=g,Y =y)=PY =1|G =g,Y =y)|y € {0,1}

* Note that now y €{0,1}. Therefore, P(Y =1| G=g,,Y=Yy) will be the TPR,; if y=1 and FPRy, if y=0.

* According to Equalized Odds, both the TPR and FPR should be equal across groups, ensuring
that ML models to not unfairly favor or disadvantage any particular group.

* In our hiring algorithm, the Equalized Odds ensures that:

* The proportion of qualified candidates (actual positives) correctly selected for the job (TPR) is
the same for all demographic groups.

* The proportion of unqualified candidates (actual negatives) incorrectly selected for the job
(FPR) is also the same for all demographic groups.
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Average Odds Difference

* The Average Odds Difference (AOD) quantifies the Equality of Odds:

AOD = = [(FPR,, — FPR,,) + (TPR,, — TPR,,)]

DO | —

* It measures the average of the differences between the FPR and the TPR between groups.
* ldeally, it should approximate 0, indicating an identical performance between groups.

* For positive or negative values, it indicates some degree of unfairness (larger values
represent higher disparities).
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Exercise

* Based on the following classification results, compute the following:

* Disparate Impact Ratio
* Statistica Parity
* Average Odds Difference

False Negative: Have
actually passed but
prediction is fail

Pass

ACTUAL

Fail

Pass Fail .
False Positive: Have / Pass Fail
actually failed but PREDICTED PREDICTED

prediction is pass

MALE FEMALE
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Other Fairness Measures

These notions of fairness are applied to a supervised context. They identify disparities, not their nature
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or cause, why such disparities exist or whether they constitute discrimination. However, they are
good conversation-starters for identifying possible inequities and look for reasons why they exist (e.g.,
causal investigations). The goal is not to make the ML model fair, but to make the overall system and

outcomes fair.

Metric

Accuracy Difference

Matthews Correlation
Coefficient (MCC) Difference

Disparate Impact Ratio

Predictive Parity

Treatment Equality

Formula

ACCD = TPHTN;, 1PN

MCCD = MCC; — MCC;

SR;
SE;
TP, Th
P, P
_ Fp, P
~ FN, FN;

Description

Measures the difference in accuracy between two groups.

Difference in MCC between two groups.

Measures the ratio of positive decisions for the unprivileged group to
that of the privileged group. Values far from 1 suggest discrimination.

Difference in predictive accuracy between groups.

Measures the difference in the ratio of false positives to false negatives
between groups, aiming for equal treatment in errors.
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Fairness Measures: Which Measure to choose?

THIS IS | THIS IS
NOT FAIRYSSYZ,  RLNOT FAIR! NOT PAIR:

THIS IS
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Fairness Measures: Which Measure to choose?

°

One of the main challenges in fairness analysis is choosing a suitable fairness definition and
corresponding measure.

Each stakeholder might have a different understanding of fairness (e.g., COMPAS case), which
can hinder the agreement on what it means to be “fair”.

Each fairness metric has its own goals, opportunities, and constraints, and they are often
conflicting.

So how can we approach the definition and selection of a fairness measure?



Fairness Measures: Aequitas Fairness Tree

Do you want to be fair based
on disparate representation
R

based on disparate errors of your system?

Do you need to select equal number
of people from each group

proportional to their percentage in the overall population?
Equal Numbers

Proportional

Equal Selection
Parity

Demographic
Parity

Are your interventions

Punitive
(could hurt individuals)

Do you trust the labels?

Counterfactual

Fairness

punitive or assistive?

Assistive
(will help individuals)

Can you intervene with most

Among which group are you
most concerneg with ensuring
predictive equity?

1
Intervention NOT
warranted

f f
[Everyone without regard People for whom
for actual outcome intervention is taken

False Positives/ [l False Discovery False Positive
Group Size Parity Rate Parity Rate Parity
What are your Among people Among people
chances of being denied bail, what who should be
denied are the chances granted bail, what
bail just given your you're innocent are the chances
race? given your race? you were denied
bail given your
race?

Jdatasci licnoli : .

people with need, or only a
small fraction?

Small Fraction Most People

Among which group are you
most concerned with
ensuring predictive equity?

People with need

Everyone without regard  People not receiving
for actual outcome assistance

l

False Omission False Negative
Rate Parity

False Negatives/
Rate Parity

Recall Parity
Group Size Parity

(or True Positive
Rate)

What are your Among people Among people
who don't receive with need, what
are your chances

If we can only
provide assistance chances of being
to a small fraction wrongly left out of assistance, what
of people with assistance given are the chances you don't receive
need, attempt to your gender? you had need assistance given
ensure it is given your gender? your gender?
distributed in a

representative way

fiC
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https://datasciencepublicpolicy.org/our-work/tools-guides/aequitas/
https://datasciencepublicpolicy.org/our-work/tools-guides/aequitas/
https://datasciencepublicpolicy.org/our-work/tools-guides/aequitas/
https://datasciencepublicpolicy.org/our-work/tools-guides/aequitas/
https://datasciencepublicpolicy.org/our-work/tools-guides/aequitas/
https://datasciencepublicpolicy.org/our-work/tools-guides/aequitas/
https://datasciencepublicpolicy.org/our-work/tools-guides/aequitas/
https://datasciencepublicpolicy.org/our-work/tools-guides/aequitas/
https://datasciencepublicpolicy.org/our-work/tools-guides/aequitas/
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Fairness Measures: Fairness Compass

START

Yes

Policy? No

/aluatiol
Yes qua'J bgse No = ‘metric most
rates Precision sensitive to Recall

No, but should be
No

Equal
Yes
/Equal (e
parity parity parity

W

Output type?,

Sc Class label Class label
False negative + False positive False positive Positive class Negative class
Label bias? No—| N .
Conditional use Balance for Balance for
L accuracy equality { Execictive pertty ‘ { positive class ] { negative class
Succeeded ¥
rror type:
/rrEwsl sensm;l'o\
‘ to faimess?
False negative »
+ False fosklve False negative False I%I"VB
= - P 3 " ’ d
Equalized
{ Calibration ‘ Equalized odds ‘ opportunities l { Predictive equality ‘
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https://github.com/axa-rev-research/fairness-compass
https://github.com/axa-rev-research/fairness-compass
https://github.com/axa-rev-research/fairness-compass
https://github.com/axa-rev-research/fairness-compass
https://github.com/axa-rev-research/fairness-compass
https://github.com/axa-rev-research/fairness-compass
https://github.com/axa-rev-research/fairness-compass
https://github.com/axa-rev-research/fairness-compass
https://github.com/axa-rev-research/fairness-compass
https://github.com/axa-rev-research/fairness-compass

Pre-Processing, In-Processing, and Post-Processing Strategies



[APrORTO

FACULDADE DE CIENCIAS

Al and Society Course
FC UNIVERSIDADE DO PORTO

Bias Reduction and Mitigation Strategies

* Generally, methods for fair machine learning fall under three categories:

Standard
Standarc! Training
Preprocessing Train Data
Raw Data DataCleaning—~——"___ __ N T In-processing
__________ Preprocessing Algorithm
Algorithm
Unbiased Performance

Model Ow:' Evaluatien Test Data (= Classifier

Postprocessing '

Algorithm
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Bias Reduction and Mitigation Strategies: Pre-processing Techniques

Pre-processing techniques address bias by transforming the data before creating the model in

order to remove the underlying discrimination. They do not need to access or modify the model.

These may include modifying the labels, the observed data, and the weighting of the features. After

de-biasing the data, the models can be learned in the standard way.

Adversarial Learning Causal Methods

Adel et al. [1]
Feng et al. [99]
Kairouz et al. [162]
Madras et al. [206]
Petrovi¢ et al. [234]
Xu et al. [299, 300]

Chiappa and Isaac [66]
Galhotra et al. [113]
Glymour and Herington [118]
Kilbertus et al. [172]
Kusner et al. [182]

Nabi and Shpitser [219]
Russell et al. [250]
Salimi et al. [251, 252, 253]

Quy etal., “Asurvey on datasets for fairness-aware machine learning”, Wiley Interdisciplinary Reviews:

Relabelling and Perturbation

Calders and Verwer [52]
Cowgill and Tucker [80]
Hajian and Domingo-Ferrer [136]
Jiang and Nachum [152]
Kamiran and Calders [165]
Kamiran et al. [166, 167]
Kilbertus et al. [172]
Luong et al. [204]

Wang et al. [291, 292]

Pre-Processing

(Re)sampling

Adler et al. [2], Bastani et al. [18]
Branchaud-Charron et al. [43]
Calders and Verwer [52]
Celis et al. [56]
Chouldechova and G'Sell [70]

Dwaork et al. [90], Tosifidis et al. [148]

Kamiran and Calders [165]
Oneto et al. [225], Ustun et al. [283]
Shekhar et al. [263]

Zhang and Neill [315]

t\\

Reweighing Transformation Variable Blinding
Calders and Verwer [52] Calmon et al. [54] Chen et al. [61]
Calders and Zliobaite [53] Calders and Verwer [52] Chouldechova and G'Sell [70]
Kamiran and Calders [165] Dwork et al. [89] Feldman et al. [98]
du Pin Calmon et al. [88] Hardt et al. [139]
Feldman et al. [98] Wang et al. [291]
Gordaliza et al. [125] Zafar et al. [307]
Gronowski et al. [132]
Johndrow et al. [154]
Lahoti et al. [185]
Lum and Johndrow [202]
Wang et al. [292], Zehlike et al. [310]

Fig. 2. Pre-processing methods.

Data Mining and Knowledge Discovery 12.3 (2022)


https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1452
https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1452
https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1452
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Bias Reduction and Mitigation Strategies: In-processing Techniques

Al and Society Course

* In-processing techniques address bias by modifying the learning algorithms to remove
discrimination during the training process of the models.

* This may include specifying custom objective functions or imposing fairness constraints. In-
processing allows the highest flexibility to find suitable trade-offs between performance and fairness,
but it requires access to the model (and is also dependent on the type of ML model).

In-Processing

/ / \

Adversarial Learning Bandits Constraint Optimization Regularization Reweighing
| | | | |
Beutel et al. [28, 30] Ensign et al. [95], Gillen et al. [116] Blanzeisky and Cunningham [36], Celis et al. [57] Aghaei et al. [5], Bechavod and Ligett [19] Tosifidis and Ntoutsi [149]
Celis and Keswani [58] Grazzi et al. [127], Hossain et al. [144] Chierichetti et al. [68], Cotter et al. [79] Berk et al. [26], Di Stefano et al. [85] Jiang and Nachum [152]
Edwards and Storkey [91] Huang et al. [146] Ferry et al. [103], Goh et al. [120] Feldman et al. [98], Goel et al. [119] Krasanakis et al. [181]
Feng et al. [99], Gao et al. [115] Joseph et al. [156, 157] Haas [135], Kim et al. [174] Heidari et al. [141], Huang and Vishnoi [145] Roh et al. [246]
Wadsworth et al. [289] Liu et al. [201] Manisha and Gujar [208], Nabi and Shpitser [219] Jiang et al. [153], Kamishima et al. [168]
Xu et al. [299] Metevier et al. [215] Nabi et al. [218], Narasimhan [221]
Yeom and Fredrikson [305] Patil et al. [228] Zemel et al. [313]
Zhang et al. [314], Wang et al. [293]

Fig. 3. In-processing methods.

Quy etal., “Asurvey on datasets for fairness-aware machine learning”, Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery 12.3 (2022)


https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1452
https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1452
https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1452
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Bias Reduction and Mitigation Strategies: Post-processing Techniques

* Post-processing techniques address bias by manipulating the output predictions in order to optimize
a fairness metric.

* This is done by finding suitable thresholds for each group that results in equal prediction
distributions. Alternatively, post-processing techniques can directly intervene on a classification
threshold that ensures (or fosters) fair outcomes.

Post-Processing

/ \
Calibration Constraint Optimisation Thresholding Transformation
| | | |
Hébert-Johnson et al. [140] Kim et al. [174] Hardt et al. [139] Chiappa [65]
Kim et al. [174] Tosifidis et al. [148] Kilbertus et al. [173]
Liu et al. [200, 201] Kamiran and Calders [165] Nabi and Shpitser [219]
Noriega-Campero et al. [223] Menon and Williamson [214]
Pleiss et al. [239] Valera et al. [284]

Fig. 4. Post-processing methods.

Quy etal., “Asurvey on datasets for fairness-aware machine learning”, Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery 12.3 (2022)


https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1452
https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1452
https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1452
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» If the model doesn’t know the race, sex, age, etc,... how can it discriminate?
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Bias Reduction and Mitigation Strategies: Fairness Through Unawareness

Al and Society Course

If the model doesn’t know the race, sex, age, etc,... how can it discriminate?

Fairness Through Unawareness: refers to leaving out of the model protected attributes
such as gender, race, and other characteristics deemed sensitive.

However!!!

e Other atttributes that remain unprotected might still be
highly correlated with the protected attributes.

* Avrace/sex/etc blind model can still discriminate.
* Ignoring meaningful group differences does not
erase inequality but might exacerbate and

perpetuate it instead.

* Thereis no fairness through unawareness.




Practice with Python
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holisticai: Holistic Al Library

* Open-source tool to assess and improve the trustworthiness of Al systems. Offers a set of
techniques to measure and mitigate bias.

Baseline Preprocessing Mitigator Inprocessing Mitigator Postprocessing Mitigator Reference

Metric
Statistical Parity  0.174129 0.175140 0.108839
sion(random_state=42, max_iter=508) Disparate Impact  3.003852 3.031482 2114218 1
_t, train_datal'y'l)
Four Fifths Rule  0.332906 0.329872 0.472988 1
. CohenD  0.440582 0.443250 0.291181 0
y_pred model.predic
25D Rule 19.193775 19.305206 12.833175 v}
metrics et e e e 1o Equality of Opportunity Difference  0.085004 0.081466 -0.159924 1}
group_a = test_datal'group_a'l, False Positive Rate Difference  0.070272 0.072136 0
group_b = test_data['group_b'l],
D = o a0, Average Odds Difference  0.077638 0.076801 0
y_pred = y_pred Accuracy Difference  -0.104368 -0.106390 -0.110517 0

)

bias_metrics_report(model_type='binary_classification', table_metrics=metrics)

o https://holisticai.readthedocs.io

a pip install holisticai


https://holisticai.readthedocs.io/
https://holisticai.readthedocs.io/
https://holisticai.readthedocs.io/
https://holisticai.readthedocs.io/
https://holisticai.readthedocs.io/
https://holisticai.readthedocs.io/
https://holisticai.readthedocs.io/
https://holisticai.readthedocs.io/
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giskard: Open-Source Al testing library

* f® Open-source evaluation and testing for LLMs and ML models

‘S\ esults)

sklearn.pipeline Pipeline
results.to_html(

20 ISSUES
DETECTED
clf = Pipeline(...)

O celf.fit( o)
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Robustne... Overconfiden... Spurious Correlation e Performanc...

A We found some potential spurious correlations between your data and the model predictions.

Some data slices are highly correlated with your predictions. This happens when:
= Data leakage: one of the feature is indirectly linked with the target variable
1 = Overfitting: the model learns specific noisy patterns of the training data, including coincidental
i : correlations that are not causal
« Data noise: the training set contains anomalies that are unrelated to the underlying problem
(data collection, measurement biases, data preprocessing issues, etc.)

«& scikit-learn ) To learn more about causes and solutions, check our guide on spurious correlation.

ISSUES (3 INFO]

= model = giskard.Model(
model=clf.predict_

model_type="c dcation”

results gl C an(model, dataset)

Example on: http

Nominal association
(Theil's U) = 0.697

Nominal association
(Theil's U) = 0.697

Nominal association
(Theil's U) = 0.609

Prediction Survived = "yes" for =

. . . Show details
92.67% of samples in the slice
Prediction Survived = 'no" for

i : ) Show details
96.28% of samples in the slice

Prediction Survived = 'no" for

. N Show details
98.48% of samples in the slice

pip install giskard


https://docs.giskard.ai/
https://docs.giskard.ai/
https://docs.giskard.ai/
https://docs.giskard.ai/
https://docs.giskard.ai/
https://docs.giskard.ai/
https://docs.giskard.ai/
https://docs.giskard.ai/
https://docs.giskard.ai/en/stable/getting_started/quickstart/quickstart_tabular.html
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fairlearn: Assess and improve fairness of machine learning models

Example Notebooks

Here's a list of examples on how to use the library. We will be adding more examples soon. If you're interested in
contributing to existing notebooks or adding new ones please consult the guide on

© Note

The Fairlearn API is still evolving, so if you want to run these on your local Fairlearn installation, make sure to match
versions.

Selection rates in MetricFrame CorrelationRemover Passing pipelines to MetricFrame:

mitigation
technigues

census dataset visualizations visualization Beyond Binary

Classification

Making Derived GridSearch with
Metrics Census Data

Plotting Metrics Metrics with

with Errors

Intersectionality in

Multiple Features Mental Health Care

A Python package to assess and improve
fairness of machine learning models.

metrics = {
"accuracy": accuracy_score,
"precision": precision_score,
"false positive rate": false_positive_rate,
"false negative rate": false_negative_rate,
"selection rate": selection_rate,
"count": count,

metric_frame = MetricFrame(

metrics=metrics, y_true=y_true, y_pred=y_pred, sensitive_features=sex
)
metric_frame.by_group.plot.bar(

subplots=True,

layout=[3, 3],

legend=False,

figsize=[12, 8],

title="Show all metrics",

m O https://fairlearn.org/v0.10/quickstart.html

’ pip install fairlearn


https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
https://fairlearn.org/v0.10/quickstart.html
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aequitas: Bias and Fairness Audit Toolkit for Machine Learning

. * Open-source bias auditing and fair
fequitas (=] machine learning toolkit for data

Bias & Fairness Audit
Bias and Fairness Audit Toolkit scientists.

The Bias Report is powered by Aequitas, an open-source bias audit toolkit for machine learning developers, analysts, and policymakers
to audit machine learning models for discrimination and bias, and make informed and equitable decisions around developing and i
deploying predictive risk-assessment tools. aequitas

Select I The Bi audit Audit(df)
Select Fairness e Bias
Upload Data ‘ Prso:::;id ' T ‘ Report

To obtain a summary of the bias audit, run:

See an example report on COMPAS risk assessment scores.

Or try out the audit tool using your own data or one of our sample data sets.

Sens_Attr_1 Sens_Attr_2 Sens_Attr_N Parity Test
™R PASS PASS PASS o p
Groups seeee (1) ee
% Pop.
. H H FAIL FAIL FAIL

o https://github.com/dssg/aequitas o ol N
% Pop.
PPREV PASS PASS FAIL
Groups (IXX]] L L o

’ pip install aequitas

For a group to pass the parily test its disparily to the reference group cannot exceed the faimess threshald (1.25).
An attribute passes the parity test for a givan metric if all its groups pass the test.

KDD 2023 Tutorial: https://dssg.github.io/fairness_tutorial/


https://github.com/dssg/aequitas
https://github.com/dssg/aequitas
https://github.com/dssg/aequitas
https://github.com/dssg/aequitas
https://github.com/dssg/aequitas
https://github.com/dssg/aequitas
https://github.com/dssg/aequitas
https://github.com/dssg/aequitas
https://github.com/dssg/aequitas
https://github.com/dssg/aequitas
https://dssg.github.io/fairness_tutorial/
https://dssg.github.io/fairness_tutorial/
https://dssg.github.io/fairness_tutorial/
https://dssg.github.io/fairness_tutorial/
https://dssg.github.io/fairness_tutorial/
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aif360: Al Fairness Toolkit

* Open-source library to detect and mitigate bias in machine learning models.

Al Fairness 360 (AIF360)

() Continuous Integration failing docsm pypi package ! CRAN not published

The Al Fairness 360 toolkit is an extensible open-source library containing techniques developed by the research
community to help detect and mitigate bias in machine learning models throughout the Al application lifecycle. Al

Fairness 360 package is available in both Python and R.
The Al Fairness 360 package includes

1. a comprehensive set of metrics for datasets and models to test for biases,
2. explanations for these metrics, and

3. algorithms to mitigate bias in datasets and models. It is designed to translate algorithmic research from the
lab into the actual practice of domains as wide-ranging as finance, human capital management, healthcare,
and education. We invite you to use it and improve it.

O https://qgithub.com/Trusted-Al/AIF360
P pip install aif360

Book Tutorial: https.//krvarshney.github.io/pubs/MahoneyVH2020.pdf

Reprocess
and/or retrain

Raw data

External
interventions

Dataset
metric

Yes

PORTO

fiC

Discrimination
data unit test
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Standard
Pre-processing

L

Pre-processing
algorithm

J

Testing Training
data
I
[}
4
‘ tgj:ﬂgsﬂrua'gt/ In-processing | | Standard
st algorithm | | training

Post-processing

algorithm



https://github.com/Trusted-AI/AIF360
https://github.com/Trusted-AI/AIF360
https://github.com/Trusted-AI/AIF360
https://github.com/Trusted-AI/AIF360
https://github.com/Trusted-AI/AIF360
https://github.com/Trusted-AI/AIF360
https://github.com/Trusted-AI/AIF360
https://github.com/Trusted-AI/AIF360
https://github.com/Trusted-AI/AIF360
https://github.com/Trusted-AI/AIF360
https://krvarshney.github.io/pubs/MahoneyVH2020.pdf
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Responsible Al Dashboard: Customized, end-to-end RAI experience
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* A collection of integrated tools and functionalities to help operationalize Responsible Al in practice. In
particular, you can explore the Fairness Dashboard, which allows to understand model’'s unfairness
issues using various group-fairness metrics across sensitive features (powered by fairlean).

Welcome to the .
Fairness dashboard /. / Along which features would you like to evaluate your model's fairness?
[ ] \
[

/. 01 Sensitive features 02 Performance metrics 03 Fairness metrics

Data statistics

- y \ P . . . avi i t vour data a . 10 va 2 sensitive features
The fairness dashboard enables you to assess tradeoffs between F:.l:II’ﬂESS is evaluated in terms of disparities in your rr.odfels behavior. We will split your data 1ccolwd|ng to values .
performance and fairness of your models of each selected feature, and evaluate how your model's performance metric and predictions differ across these

splits.
01 Sensitive features 02 Performance metrics 03 Faimess metrics Sensitive features Subgroups
i sex Male
How do you want to measure fairness? ata statitcs o
¥ Dt STAes This feature has 2 unique values Female
Fairness metrics quantify variation of your model's behavior across selected features. There are several kinds of f‘:}i‘““"e featires
9769 instances
fairness metrics that are based on a variety of performance metrics. They either capture the difference or ratio rtene race
between the extreme values across the groups, or simply the worst value of any group. This feature has 5 unigue values Black
\sian-Pac-lslander
> Accuracy / error rate (6) Other

Amer-Indian-Eskime
~  Demographic Parity / Selection rate (2)

Demographic parity difference The maximum difference in selection rate, that is the fraction with predicted label

° Next
O Demographic parity ratio The minimum ratio of selection rates, that is the fraction with predicted label 1, be

RAI Dashboard: https://responsibleaitoolbox.ai/ P pip install raiwidgets


https://responsibleaitoolbox.ai/
https://github.com/microsoft/responsible-ai-toolbox
https://github.com/microsoft/responsible-ai-toolbox
https://github.com/microsoft/responsible-ai-toolbox
https://github.com/microsoft/responsible-ai-toolbox
https://github.com/microsoft/responsible-ai-toolbox
https://github.com/microsoft/responsible-ai-toolbox
https://github.com/microsoft/responsible-ai-toolbox
https://github.com/microsoft/responsible-ai-toolbox
https://github.com/microsoft/responsible-ai-toolbox
https://github.com/microsoft/responsible-ai-toolbox
https://github.com/microsoft/responsible-ai-toolbox
https://github.com/microsoft/responsible-ai-toolbox
https://github.com/microsoft/responsible-ai-toolbox
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Datasets for Fairness-Aware Machine Learning

* Quyetal present a benchmark of real-world tabular datasets from fairness experiments.

* They use a Bayesian network to identify the relationship between protected attributes and the outcome,
and further explore bias in data using exploratory data analysis.

* Datasets are categorized by application domain:

* Financial datasets (6): adult, kdd-census-income, german-credit, dutch-census, bank-
marketing, credit-card-clients

* Criminological datasets (3): compas-recid, compas-viol-recid, comunities-and-crime
* Healthcare and Social datasets (2): diabetes, ricci

* Educational datasets (2): student-mat, student-port, oulad, law-school

Quy etal., “Asurvey on datasets for fairness-aware machine learning”, Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery 12.3 (2022)
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TABLE1
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Datasets for Fairness-Aware Machine Learning

Dataset

Adult

KDD Census-Income
German credit
Dutch census

Bank marketing
Credit card clients
COMPAS recid.
COMPAS viol. recid.

Communities
and Crime

Diabetes

Ricci
Student—Mathematics
Student—Portuguese
OULAD

Law School

#Instances

48,842
299,285
1000
60,420
45,211
30,000
7214
4743
1994

101,766
118
649
649
32,593
20,798

#Instances
(cleaned)

45,222
284,556
1000
60,420
45,211
30,000
6172
4020
1994

45,715
118
649
649
21,562
20,798

Overview of real-world datasets for fairness

#Attributes
(cat./bin./
num.)

7/2/6
32/2/7
13/1/7
10/2/0
6/4/7
8/2/14
31/6/14
31/6/14
4/0/123

33/7/10
0/3/3
4/13/16
4/13/16
7/2/3
3/3/6

Class

Binary
Binary
Binary
Binary
Binary
Binary
Binary
Binary
Multi

Binary
Binary
Binary
Binary
Multi

Binary

Domain

Finance
Finance
Finance
Finance
Finance
Finance
Criminology
Criminology

Criminology

Healthcare
Society
Education
Education
Education

Education

Class ratio (+:-)
1:3.03

1:15.30

2.33:1

1:1.10

1:7.55

1:3.52

1:1.20

1:5.17

1:3.13
1:1.11
1:2.04
1:5.49

8.07:1

Protected
attributes

Sex, race, age

Sex, race

Sex, age

Sex

Age, marital

Sex, marriage, education
Race, sex

Race, sex

Black

Gender
Race

Sex, age
Sex, age
Gender

Male, race

Target class
Income

Income

Credit score
Occupation

Deposit subscription
Default payment

Two-year recidivism

Two-year violent recid.

Violent crimes rate

Readmit in 30 days
Promotion

Final grade

Final grade
Outcome

Pass the bar exam

Abbreviations: COMPAS, Correctional Offender Management Profiling for Alternative Sanctions; OULAD, Open University Learning Analytics dataset.

Collection

period
1994
1994-1995
1973-1975
2001
2008-2013
2005
2013-2014
2013-2014
1995

1999-2008
2003
2005-2006
2005-2006
2013-2014
1991

(B PORTO
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Collection location
USA

USA

Germany

The Netherlands
Portugal

Taiwan

USA

USA

USA

USA
USA
Portugal
Portugal
England
USA

Quy etal., “Asurvey on datasets for fairness-aware machine learning”, Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery 12.3 (2022)


https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1452
https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1452
https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1452

[APORTO

Al and Society Course FACULDADE DE €
FC UNIVERSIDADE DO PORTO

References and Further Reading

*  Muhammad, S. (2022). The Fairness Handbook.

* Foster, lan, et al., eds. Big data and social science: Data science methods and tools for research
and practice. CRC Press, 2020.

* Suresh, Harini, and John Guttag. "A framework for understanding sources of harm throughout
the machine learning life cycle." Proceedings of the 1st ACM Conference on Equity and Access in
Algorithms, Mechanisms, and Optimization. 2021.

* Mehrabi, Ninareh, et al. "A survey on bias and fairness in machine learning." ACM computing
surveys (CSUR) 54.6 (2021): 1-35.

* (Caton and Haas. 2024. Fairness in Machine Learning: A Survey. ACM Comput. Surv. 56, 7, 166-

* Le Quy, Tai, et al. "A survey on datasets for fairness-aware machine learning." Wiley
Interdisciplinary Reviews: Data Mining and Knowledge Discovery 12.3 (2022): e1452.

* Verma, Sahil, and Julia Rubin. "Fairness definitions explained." Proceedings of the international
workshop on software fairness. 2018.

* Ruf, Boris, and Marcin Detyniecki. "Towards the right kind of fairness in AL" arXiv preprint
arXiv:2102.08453 (2021).

* Ntoutsi, Eirini, et al. "Bias in data-driven artificial intelligence systems -- An introductory
survey." Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery 10.3 (2020): e1356.



TO04: Bias and Fairness



[BAPORTO

F FACULDADE DE CIENCIAS
C UNIVERSIDADE DO PORTO

Module 04: Bias and Fairness

Miriam Seoane Santos
LIAAD, INESC TEC, FCUP, University of Porto

miriam.santos@fc.up.pt



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60
	Slide 61
	Slide 62
	Slide 63

