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Algorithmic bias problem and fairness at a glance

ML is used for critical decision making

How bias appears in society:
ÅSources of bias
ÅExamples of bias

Challenges of AI
ÅUncover bias/unfairness
ÅMeasure bias (definitions Fairness)
ÅMitigate bias
ÅReal world applications

How do we formulate the bias - fairness problem in every problem set up?

How do we detect the bias and how to solve it?

How could we define and measure bias or fairness?

Which are the ethical principles that follows each definition of bias and fairness?

Which are the implications in the real -world problems and, specifically in our own value system? 



What is fairness for you?



Justice, equality and equity
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ML for critical decision making
ÅML models are becoming the main tools for addressing complex societal problems in many 

consequential areas of our lives
ÁEducation 
ÁJustice: pretrial and detention
ÁSecurity 
ÁHealth 
ÁChild Maltreatment screening
ÁSocial Services
ÁHiring 
ÁFinance
ÁAdvertising

ÅEach one with its own objectives
ÁReduce cost
ÁMaximize social benefit
Áê

Ethical implications
Many of these concepts do not have universally accepted definitions

V Privacy
V Transparency
V Accountability

V Reliability
V Autonomy
V Fairness



Harms from Algorithmic Decision - Making

Buolamwini, J., & Gebru, T. (2018). Gender shades: Intersectional accuracy disparities in commercial gender classification. In FAccT. PMLR. http://gendershades.org/overview.html

http://gendershades.org/overview.html


ML for critical decision making - examples
ÅFinance

ð A. Byanjankar, M. Heikkilä, and J. Mezei. Predicting credit risk in peer- to-peer lending: A neural network approach. In IEEE 
Symposium Series on Computational Intelligence, 2015

ÅHiring
ð M. Bogen and A. Rieke. Help wanted: An examination of hiring algorithms, equity, and bias. Technical report, Upturn, 2018

ÅPretrial and detention
ð J. Angwin, J. Larson, S. Mattu;/p}s/[=/Zx¢rw}t¢=/\prwx}t/Qxp£I/cwt¢tõ£/£~u¤§p¢t/¥£ts/pr¢~££/¤wt/r~¥}¤¢©/¤~/ ¢tsxr¤/u¥¤¥¢t/
r¢x|x}p{£=/P}s/x¤õ£/qxp£ts/pvpx}£¤/q{prz£=;/A?@E=

ÅChild maltreatment screening
ð A. Chouldechova, E. Putnam-Hornstein, D. Benavides-Prado, O. Fialko, and R. Vaithianathan. A case study of 

algorithmassisted decision making in child maltreatment hotline screening decisions. In Proceedings of the 1st 
Conference on Fairness, Accountability and Transparency, pages 134ð148, 2018. 

ÅEducation
ð L. Oneto, A. Siri, G. Luria, and D. Anguita. Dropout prediction at university of genoa: a privacy preserving data driven 

approach. In European Symposium on Artificial Neural Networks, Computational Intelligence and Machine Learning, 2017.

ÅSocial Services
ð V. Eubanks. Automating Inequality: How High-ctrw/c~~{£/_¢~ux{t;/_~{xrt;/p}s/_¥}x£w/¤wt/_~~¢=/b¤=/\p¢¤x}õ£/_¢t££;/A?@G



Bias is implicit in every decision we make

Bias Behaviour Actions
Data & 
model 
design

Nature

Subconscious

Culture - Ethics

Specific -
Environmental

Everything is based on our biases
Some of them are legitimate and others not
Even when defining legitimate or not Ą from our bias



Human centric ML approaches

AI systems learning moral notions

AI-based systems can learn moral notions or ethical 
behaviors and then autonomously behave ethically

ÅComparative Moral Turing Test

ÅEthical Turing Test

üEvaluate the morality of the choices of automated 
systems

üBranch quite unexplored: difficult connection 
between philosophy, ethic and technical problems

üAGI related

How humans should design AI systems
to minimize harms

Designing for minimizing harms derived from poor 
design , bad applications and misuse of the systems

ÅAlgorithmic Fairness

ÅPrivacy Preserving Data Mining ðFederated Learning

ÅExplainable AI [2] & Interpretable AI

ÅAdversarial Learning 

üMany more examples due to many different ML 
methods and problems addressed

Franco, D., Navarin, N., Donini, M., Anguita, D., & Oneto, L. (2022). Deep fair models for complex data: Graphs labeling and explainable face recognition . Neurocomputing, 470
1. A.F. Winfield, K. Michael, J. Pitt, V. Evers, Machine ethics : the design and governance of ethical ai and autonomous systems , Proceedingsof the IEEE 107 (2019) 509ð517
2. D. Gunning, Explainable artificial intelligence ( xai), Defense Advanced Research Projects Agency (DARPA), nd Web 2 (2).

HCML Perspective : building responsible AI including human relevant requirements, but also 
considering broad societal issues [1]

- Safety, Fairness, privacy, accountability &  interpretability      - Ethics and legislation
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What should we consider to formally defining fairness?

ÅHow we define different discriminations ?

ÅWhat are the main sources of bias ?

ÅHow we define fairness and measure it ?

ÅHow do we find bias in our models?

ÅHow we mitigate bias / impose fairness in our models?
ðWhat kind of different approaches are there?

ÅWhat are some examples of real applications ?

Å
Different kind of 
discriminations

Many sources of 
bias

Different fairness 
definitions based 

on different 
fundamentals

Countless types of 
models in which bias is  
analyzed and fairness 

is imposed

Numerous real 
problems

Hints on the 
complexity of 

formally 
defining 
fairness

What is discrimination? How is it caused? How can we define unfairness and 
how I measure it? 

How can we find unfair models? 
How can we implement fair models? 

How do we eventually apply this?



Algorithmic Fairness
ÅAlgorithmic Fairness deals with the problem of developing AI-based systems able to treat:

ÁSubgroups in the population equally ĄGroup fairness
ÁSimilar individuals in a similar way Ą Individual Fairness

ÅSubgroups Ą determined by means of sensitive attributes, considered for decisions
ÁGender, incomes, ethnicity , and sexualor political orientation and so on

X

Y

Label

VS -



Algorithmic Fairness
ÅHow to enhance ML models with fairness requirements, not unethically biasing decisions 

ÅEnsure that the outputs of a model DO NOT depend on sensitive attributes 
ÁIn a way that is considered unfair - differences due to such traits cannot be reasonably justified

╕╧ ╡ȟ═ᶰ╧ĄR ṶA

ÅMany approaches: properties of the model outputs with respect to the sensitive attributes

ÅRelationships among all relevant variables in the data Ą unfairness underlying
ÁIf not ĄCOMPAS: biased recidivism application even not using sensitive data

L. Oneto, S. Chiappa, Fairness in machine learning, Recent Trends in Learning From Data (2020)

Unfair decisions due to sensitive attributes
Training data Bias

Model inaccuracies



Correctional Offender Management Profiling for Alternative Sanctions - COMPAS



Not only fair decisions: echo chambers

Personal Project: https://twitter.com/Arnaiztech/status/1331996276045582339

ÅUS House of Representatives 1973 VS 2016

ÅTwo politicians are linked  if they have supported 3+ initiatives together

1973 2016

https://twitter.com/Arnaiztech/status/1331996276045582339


Before kicking off: spoiler

ÅThere are quite a lot different  approaches to mitigating unfairness. 

ÅNo single approach is universally best ĄNo free lunch L

ÅChoosing the most appropriate one will require:

Takeaway: Choosing Fairness metric and method highly depends on the context

No universal fairness definition or bias mitigation / imposing fairness approach

Expert judgement Knowledge of relevant legal 
and compliance requirements

Context in which we are 
working



Bias

Different types



Bias & Sources

1. How law define bias?
ÅDisparate treatment
ÅDisparate impact

2. Bias in in ML
ÅBy source
ÅBy interaction

Barocas, S., & Selbst, A. D. (2016). Big data's disparate impact. Calif. L. Rev., 104, 671



Disparate Treatment and Impact
ÅAnti-discrimination laws in various countries prohibit 

unfair treatment of individuals

ÅLegal or ethical support and formalize it quantitively
ÁDisparate treatment: 

ðStrx£x~}£/p¢t/7 p¢¤{©8/qp£ts/~}/¤wt/£¥qytr¤õ£/£t}£x¤x¦t/
attribute

ðExplicit or intentional
ÁDisparate impact: 

ðOutcomes or implemented policy disproportionately hurt 
people with certain sensitive attribute

ð Implicit or unintentional

Barocas, S., & Selbst, A. D. (2016). Big data's disparate impact. Calif. L. Rev., 104, 671
Lim SweeKiat. Retrieved December 2021. Machines go Wrong. https://machinesgonewrong.com/fairness/
X}v~{s;/S=/p}s/b~ t¢;/b=;/A?@E=/P|pª~}/s~t£}õ¤/r~}£xst¢/¤wt/¢prt/~u/x¤£/r¥£¤~|t¢£=/bw~¥{s/X¤N=/Q{~~|qt¢v/]t§£=

https://machinesgonewrong.com/fairness/


Sources of BiasϐData

Barocas, S., & Selbst, A. D. (2016). Big data's disparate impact . Calif. L. Rev., 104, 671
Manuel Gomez Rodriguez et al. (2020). Human-Centric Machine Learning Feedback loops, Human -AI Collaboration and Strategic Behavior [Link]. Web
Corbett -Davies & Goel. (2018). The Measure and Mismeasure of Fairness: A Critical Review of Fair Machine Learning
Lakkaraju, H. et al. (2017). The selective labels problem: Evaluating algorithmic predictions in the presence of unobservables . 23rd SIGKDD

Bias in historical data
ÅSkewed towards groups or imbalanced limited information

ÅAmazon, COMPAS or 2018-CEO-image-search
ÅEasy to ignore biases and surrogate variables for protected 

attributes
ÅLabel imperfectly observed: Label bias
ÅRecord of crimes comes from crimes observed by police

Bias in data collection mechanisms
ÅInherent biases in the data collection mechanisms
ÅLack of representativeness
ÅCrowdsourcing from a technology that only uses a type of 

people Ą Autonomous car related with wealthier

Bias in alternate sources of data
Åò]t§ó/£~¥¢rt£/~u/sp¤pI/§~¢{s§xst/§tq;/£~rxp{/|tsxp;/q{~v£
ÅDigital footprint variables: computer brand or type of device

ÅProxies of protected attributes
ÅSocio-economic variables Ą surrogates for protected 

groups

Selective labels - Unobservable Outcomes
ÅObserved outcomes are consequence of the existing 

choices of the human decision-makers
ÅĄ Label distribution based on previous policy

ÅWas former policy accurate or biased?
ÅWould they have defaulted if had they been approved for a 

mortgage? ĄCounterfactual
ÅTainted samples ĄDecision-maker bias
ÅWe observe loan defaults only for those who received a 

mortgage Ąwe do not have any information for those who 
were denied

ÅWe observe whether a defendant fails to return for their 
court appearance only if the human judge decides to release 
the defendant on bail

https://people.mpi-sws.org/~manuelgr/manuelgr-human-centric-ml-2020.pdf


Examples of selective label

Manuel Gomez Rodriguez et al. (2020). Human-Centric Machine Learning Feedback loops, Human -AI Collaboration and Strategic Behavior [Link]. Web

https://people.mpi-sws.org/~manuelgr/manuelgr-human-centric-ml-2020.pdf


Sources of BiasϐAlgorithm
ÅThe automated nature of modern ML
ÁMillions of automated data-transformations to get a tiny improvement in predictive performance
ÁS~}õ¤/rp¢tu¥{{©/¢t¦xt§/¤wt/£t{tr¤ts/¦p¢xpq{t£/Ą surrogate variables and  proxy discrimination

ÅOverfitting and hyperparameter tunning can amplify biases

ÅOpaqueness and lack of interpretability of complex ML algorithms
ÁIf one can identify the input-output relationships Ą easier to isolate potential algorithmic bias

ÅInherent biases in programmers conveyed to the algorithm

ÅUnexpected decisions in traditional programming
ÁDeliveroo riders affected by the ranking algorithm ĄReliability index

Barocas, S., & Selbst, A. D. (2016). Big data's disparate impact. Calif. L. Rev., 104, 671
Mehrabi, N., et al. (2021). A survey on bias and fairness in machine learning . ACM Computing Surveys (CSUR), 54(6), 1-35
Jonathan Keane (2021). Deliveroo Rating Algorithm Was Unfair To Riders, Italian Court Rules. Web: Forbes

Personal and 
protected reasons

Shift 
Cancelation/
Acceptation

Reliability index Ranking of 
good riders Offered Shifts

https://www.forbes.com/sites/jonathankeane/2021/01/05/italian-court-finds-deliveroo-rating-algorithm-was-unfair-to-riders/


Sources of Bias ϐBy interaction
ÅData to Algorithm

-Measurement Bias
-Omitted Variable Bias
-Representation Bias
-Aggregation Bias

-E.g., Sympsonparadox
-Sampling Bias
-Longitudinal Data Fallacy
-Linking Bias
-Proxie

ÅAlgorithm to User
-Algorithmic Bias
-User Interaction Bias - Ranking
-Popularity Bias
-Emergent Bias
-Evaluation Bias

ÅUser to Data
-Historical Bias
-Population Bias
-Self-selection Bias
-Social Bias
-Behavioral Bias
-Survivorship bias
-Temporal Bias
-Content production bias

Mehrabi, N., et al. (2021). A survey on bias and fairness in machine learning . ACM Computing Surveys (CSUR), 54(6), 1-35
Ricardo Baeza-Yates. 2018. Bias on the web . Commun. ACM 61, 6



Fairness 
definitios and 

metrics
Several notions of fairness 

already exist in the literature



Recap: Algorithmic Fairness
ÅAlgorithmic Fairness deals with the problem of developing AI-based systems able to treat:

ÁSubgroups in the population equally ĄGroup fairness
ÁSimilar individuals in a similar way Ą Individual Fairness
ÁOther newer approaches

ÅSubgroups Ą determined by means of sensitive attributes, considered for decisions
ÁGender, incomes, ethnicity , and sexualor political orientation and so on

ÅEnsure that the outputs of a model DO NOT depend on sensitive attributes 
ÁIn a way that is considered unfair - differences due to such traits cannot be reasonably justified

╕╧ ╡ȟ═ᶰ╧ĄR ṶA
ÁMany approaches: properties of the model outputs with respect to the sensitive attributes

How do we define equally?
How we define similar?

VS -



Decision Rules: Classification
ÅEach individual has a set of features: 

Áὼᶰᴙ

Åὼcan be partitioned into protected and unprotected features:
Áὼ ὼȟὼ

ÁSet of protected features : ═ᶰὢĄ different A values leads to different protected groups

ÅTarget of prediction
Áώᶰ πȟρ

ÅTraining samples
ÁὈ ὼȟώ

ÅRandom variables ὢand ὣthat take on values ╧ ὼand ╨ ώfor an individual drawn randomly from the 
population of interest

ÅBinary classification
ÁὪȡᴙ ᴼ πȟρ, where ώ Ὢὼ or, in population level ὣ Ὢὢ

ÅRisk score
ÁTrue risk score: ÒØ 0Ò9 ρȿ8 Ø

ÁModel approximation of risk score ÓØ instead of binary decision and ▀● ░██▼● ◄

Á2 % 9᷄8



Confusion matrix

Barocas, S., Hardt, M., & Narayanan, A. (2017). Fairness in machine learning. Nips tutorial, 1, 2017
Zafar, M. et al. (2017). Fairness beyond disparate treatment & disparate impact: Learning classification without disparate mistreatment. 26th WWW.
Verma, S., & Rubin, J. (2018). Fairness definitions explained. In 2018 ieee/ acm fairware. IEEE.

Event Condition Notion 
╟▄○▄▪◄ȿ╬▫▪▀░◄░▫▪

ὣ π ὣ π True Negative rate

ὣ ρ ὣ π False Positive rate

ὣ π ὣ ρ False Negative rate

ὣ ρ ὣ ρ True Positive rate

Event Condition Notion 
╟▄○▄▪◄ȿ╬▫▪▀░◄░▫▪

ὣ π ὣ π Positive predicted value

ὣ ρ ὣ ρ Negative predicted value

Classical clf criteria

Additional clf criteria

Confusion matrix allow us to go further accuracy in error 
explanations related with joint distributions of ╧ȟ╨ȟ╨

PredictedLabel

Positive Negative

T
ru

e
 L

a
b

e
l

Positive True Positives

╟╟╥
Ὕὖ

Ὕὖ Ὂὖ

╣╟╡
Ὕὖ

Ὕὖ Ὂὔ

False Negative

╕╞╡
Ὂὔ

Ὂὔ Ὕὔ

╕╝╡
Ὂὔ

Ὂὔ Ὕὖ

Negative False Positive

╕╓╡
Ὂὖ

Ὂὖ Ὕὖ

╕╟╡
Ὂὖ

Ὂὖ Ὕὔ

True Negatives

╝╟╥
Ὕὔ

Ὕὔ Ὂὔ

╣╝╡
Ὕὔ

Ὕὔ Ὂὖ



More confusion matrix measures

Wikipedia. Precision and recall. https://en.wikipedia.org/wiki/Precision_and_recall

Å Confusion matrix allow us to go further accuracy in error explanations related with joint distributions of ╧ȟ╨ȟ╨

Å However, it may seem quite unmanageable to try all possible combinations

Å How do we leverage all this measures for fairness? ĄAdd sensitive attribute to conditional probabilities

ὖὶὣ ώὣ ώ
ὖὶὣ ώȿὣ ώ

https://en.wikipedia.org/wiki/Precision_and_recall


Group fairness: main definitions
Predicted Probabilities ( ╢) and Actual Outcome ( ▀)ĄA ṶY | S

Å Calibration ðpredictive parity but with probabilities Ą A ṶY | S 
P( Y=1 | S=s, A=a )= P( Y=1 | S=s, A=b ), sᶅ ɴ [0, 1]

ÅWell calibration
P( Y=1 | S=s, A=a )= P( Y=1 | S=s, A=b ) = s, sᶅ ɴ [0, 1]

Å Balance for positive class - equal average predicted S for actual 
positives

E( S | Y=1, A=a ) = E( S | Y=1, A=b )

Å Balance for negative class - same average predicted S for actual 
negatives

E( S | Y=0, A=a ) = E( S | Y=0, A=b )

Predicted Outcome ( ╨) ĄA ṶS 

Å Demographic parity [1] ĄA ṶS (independence)

P(d=1|A=a) = P(d=1|A=b)

Predicted (ὣ) and Actual Outcomes ( ▀) 

Å Predictive parity [2] - Same PPVĄ A ṶY | S (sufficiency)

P( Y=1 | d=1, A=a ) = P( Y=1 | d=1 , A=b ) 

Å Predictive equality - Same FPR [TNR]
P( d=1 | Y=0, A=a ) = P( d=1 | Y=0, A=b )

Å Equal opportunity ðSame FNR [TPR]
P( d=0 | Y=1, A=a ) = P( d=0| Y=1, A=b )

Å Equalized odds [3]ðsame TPRand FPRĄA ṶS | Y (separation)

P( d=1 | Y=i , A=a ) = P( d=1 | Y=i, A=b ), ᶅ i {ɴ0, 1}

Å Conditional use accuracy equality ðsame accuracy for G
P( Y=1 | d=1, A=a ) = P( Y=1 | d=1, A=b ) ᷈

P( Y=0 | d=0, A=a ) = P(Y=0 | d= 0, A=b ) 

Å Overall accuracy equality ðgeneral accuracy
P( d=Y, A=a ) = P( d=Y, A=b ). 

Å Treatment equality ðsame ratio of errors.
(FN/FP)f=(FN/FP)m.

Barocas, S., Hardt, M., & Narayanan, A. (2017). Fairness in machine learning . Nips tutorial, 1, 2017
Verma, S., & Rubin, J. (2018). Fairness definitions explained . In 2018 ieee/ acm fairware. IEEE.
[1] Cynthia Dwork,et al. 2012. Fairness Through Awareness . In Proceedings of the 3rd Innovations in Theoretical Computer Science Conference
[2] Alexandra Chouldechova. 2016. Fair Prediction with Disparate Impact : A Study of Bias in Recidivism Prediction Instruments. Big Data.
[3] Moritz Hardt, Eric Price, and Nati Srebro. 2016. Equality of Opportunity in Supervised Learning . In Advances in Neural Information Processing Systems

Example of incompatibility
If different base rate P(Y=1|A=a) ÍP(Y=1|A=b)

and satisfies predictive parity
ĄCannot satisfy Equalized odds

ML model should behave equally, or at least similarly, no matter whether 
it is applied to one subgroup in the population or to another one



Definition clarification: Formal criteria

D \ Y 0 1

0 Predictive equality Equal opportunity

1 Predictive equality
Equal odds

Equal opportunity
Equal odds

Y \ D 0 1

0 Conditional use acc Predictive parity

1 Predictive parity
conditional use acc Overrall accuracy

P(D=d | Y=y, A=a)=P(D=d | Y=y, A=b)

P(Y=y | D=d , A=a)=P(Y=y | D=d, A=b)

Group fairness and conditional statistical parity

P( d=[0,1] | Y=[0,1] ) AND P( Y=[0,1] | d=[0,1] )



Definition clarification: Formal criteria

Independence Separation Sufficiency

SṶA SṶA | Y AṶY | S

Barocas, S., Hardt, M., & Narayanan, A. (2017). Fairness in machine learning. Nips tutorial, 1, 2017

ò\p}©/upx¢}t££/r¢x¤t¢xp/wp¦t/qtt}/ ¢~ ~£ts/~¦t¢/¤wt/©tp¢£;/tprw/px|x}v/¤~/u~¢|p{xªt/sxuut¢t}¤/st£xst¢p¤p=/ftõ{{/£¤p¢¤/
by jumping directly into the formal definitions of three representative fairness criteria that relate to many of the 

 ¢~ ~£p{£/¤wp¤/wp¦t/qtt}/|pst=ó/(Hardt et al., Fairness in Machine Learning book, 2019)

Equalized odds 
P( d=1 | Y=i , A=a ) = P( d=1 | Y=i, A=b ), i 0ɴ, 1

Equal opportunity 
P( d=0 | Y=1, A=a ) = P( d=0| Y=1, A=b)

TPR - FPR 
Equal error rates

Predictive Parity 

P( Y=1 | d=1, A=a ) = P( Y=1 | d=1 , A=b )

Calibration

P( Y=1 | S=s>t, A=a )= P( Y=1 | S=s>t, A=b )tᶅ

PPV - NPV 
Calibration by group

Demographic parity 
P(d=1|A=a) = P(d=1|A=b)

Positive Predicted Ratio
Equal acceptance rate

╟╢═ ╟╨╢ȟ═╟╢ȿ╨ȟ═

SA Y SA SA Y



Definition clarification: Formal criteria

Barocas, S., Hardt, M., & Narayanan, A. (2017). Fairness in machine learning. Nips tutorial, 1, 2017



Group fairness gaps
ÅProved that statistical definitions are insufficient [1, 2, 3, 4]

ÅMoreover, most valuable statistical metrics assume availability of actual, verified outcomes.
ÁProblems with Selective label bias

ÅSimilar individuals may not be treated equally for achieving measures of group fairness

ÅDemographic Parity [Independence] 
Á Ignores any possible correlation between Y and A
ÁE.g., Perfect predictor (S=Y) is not considered fair when base rates differ (i.e., P[Y=1 |A=a] ÍP[Y=1|A=b])
Á laziness: if we hire the qualified from one group and random people from the other group, we can still achieve 

demographic parity.

ÅEqualized Odds ðPredictive Parity [separation and sufficiency]
Á It may not help closing the gap between two groups

[1] Richard Berka, Hoda Heidaric, Shahin Jabbaric, Michael Kearnsc, and Aaron Rothc. 2017. Fairness in Criminal Justice Risk Assessments: The State of the Art .
[2] Alexandra Chouldechova. 2016. Fair Prediction with Disparate Impact: A Study of Bias in Recidivism Prediction Instruments . Big Data (2016)
[3] Cynthia Dwork, Moritz Hardt, ToniannPitassi, Omer Reingold, and Richard Zemel. 2012. Fairness Through Awareness . 3rd Innovations in Theoretical CS Conference. 
[4] Jon M. Kleinberg, SendhilMullainathan, and Manish Raghavan. 2017. Inherent Trade -Offs in the Fair Determination of Risk Scor es. In ITCS

A
58/100

B
2/100

B
1/2

A
29/5830 Slots

1/100
29/100

99/100
42/100X



Individual Fairness
ÅGroup Fairness ĄSimilar individuals could not be treated equally due to calibrations across 

groups to achieve group fairness measures

ÅIndividual Fairness Ą treating similar individuals similarly
ÁDifference between individuals similar to difference in predictions
ÁMore fine-grained than any group-notion fairness: it imposes restriction on for each pair of Ὥ.

Our Dataset: ╓ ●░ȟ◐░ ░
╝

Distance between ●░pairsȡ▓ȡ╥●╥ᴼ╡Ȣ

Mapping from ●░to probability distribution over outcomes ╜ȡ╥ᴼ♪═

Distance between distributions of outputs ╓

Individual fairness ╓╜ ●ȟ╜ ◐ ▓●ȟ◐

Å? How to define appropriate distance metrics for the specific problem and application?

Dwork, C., et al.2012. Fairness through awareness. Proceedings of the 3rd innovations in theoretical computer science conference, pp. 214-226
Verma, S., & Rubin, J. (2018). Fairness definitions explained . In 2018 ieee/ acm fairware. IEEE.

Metric Learning Representation LearningGraph Theory

https://en.wikipedia.org/wiki/Similarity_learning#Metric_learning


Individual Fairness flaws
ÅBig expertise to establish a distance metric between individuals. 
ÁMetrics can still be implicit biased L

Åct£¤x}v/stux}x¤x~}£/¢t{xt£/~}/p¦px{pqx{x¤©/~u/ò£x|x{p¢ó/x}sx¦xs¥p{£
ÁSearch space very large Ą e.g., the global population.
ÁMore work to narrow down the search space without impeding the accuracy

ÅDistance between data does not only depends on pairwise distances 
ĄRelationships among every all the data and topology (cliques or communities on graphs)

ÅVery difficult to find the proper metric (both Ὠand ὓ)
ÁSpecifically, ὓĄ unseen labels ĄSelective Labels / unobserved variables / substitutes labels

Dwork, C., et al.2012. Fairness through awareness. Proceedings of the 3rd innovations in theoretical computer science conference, pp. 214-226
Kim, M. P., Reingold, O., & Rothblum, G. N. (2018). Fairness through computationally -bounded awareness . NIPS 2018

BSc / 1y.e.

MSc / 1y.e.

MSc / 0y.e.

A

B

C

Graph Theory
Representation Learning
Semi/Self-Supervised Learning

Is individual A closer to B than C? How much? 
Ą very metric dependent Ὠ

Is A closer to B than C regarding their predicted performance?
Ąft/s~}õ¤/wp¦t/¢tp{/v¢~¥}s/¤¢¥¤w/Ą Selective labels
ĄVery metric dependent ὓ



Counterfactual fairness
ÅGroup

ÁObservational fairness criteria
ÁCannot find the cause of the unfairness

M.J. Kusner, J. Loftus, C. Russell and R. Silva, Counterfactual fairness , In Neural Information Processing Systems, (2017)
Barocas, S., Hardt, M., & Narayanan, A. (2017). Fairness in machine learning . Nips tutorial, 1, 2017
Shira Mitchell. 2018. Reflection on quantitative fairness . Web Book

ÅIndividual
Á Limitation of finding the proper metric.

ÅCausalityĄExplaining the impact of bias via a causal graph
ÁReplacing A, other correlated features with it will also be influenced 

ÅIdeal idea? hard to reach a consensus in terms of 
Áwhat the causal graph should look like?
Áwhich features to use even if we have such a graph?

Causal graphs: Acyclic graphs  
- nodes representing attributes
- edges representing relationships



Counterfactual fairness
ÅCounterfactual ĄòWould I have been hired if I were non-black?ó/òWould I have avoided 

the traffic jam had I taken a different route this morningNó
ÁDecision does not depend on protected attribute

ÅThe counterfactual ╨╧ȡ ȟ╩ȡ╩╧ȡ is the value that Y would obtain had X been set to 1 and 
wps/i/qtt}/£t¤/¤~/¤wt/¦p{¥t/i/§~¥{sõ¦t/p££¥|ts/wps/g/qtt}/£t¤/¤~/?

ÅFair Causal graph Ąxu/h/s~}õ¤/st t}s/~}/P;/x=t=;/}~/P-Y way
ÁMake decision only using non-descendants of A in the causal graph

ÅDifficult task of agreeing on which graph to build and validating it
ÅImpossibleto test an existing classifier against strict causaldefinitions of fairness
ÅWhat should we do when not we are not able to built neither validate a causal graph?

ÁCounterfactual discrimination criteria Ą normative fairness criteria

M.J. Kusner, J. Loftus, C. Russell and R. Silva, Counterfactual fairness , In Neural Information Processing Systems, (2017)
Barocas, S., Hardt, M., & Narayanan, A. (2017). Fairness in machine learning . Nips tutorial, 1, 2017
Shira Mitchell. 2018. Reflection on quantitative fairness . Web Book



Counterfactual fairness
ÅNotation of d(w), d(m) be the decision if the individual had been woman or men

ÅIndividual Counterfactual Fairness
▀░◌ ▀░□ for individualὭand every other attribute remaining the same, i.e.,
╟╨═N ╪ ╤ ◐╧ ●ȟ═ ╪ ╟╨═N ╫╤ ◐ȿ╧ ●ȟ═ ╪

Á}tvp¤x¦t/p}£§t¢/¤~/ò§~¥{s/¤wt/strx£x~}/wp¦t/qtt}/sxuut¢t}¤/xu/X/§t¢t/}~¤/q{przNó

ÅCounterfactual Demographic Parity
╔▀◌ ╔▀□ i.e.,
╔╨ȿ╧ ●ȟ═ ╪ ╔╨ȿ╧ ●ȟ═ ╫ ╧ᶅ╪▪▀ᶅ ╪ȟ╫

Á}tvp¤x¦t/p}£§t¢/¤~/ò§~¥{s/¤wt/¢p¤t£/~u/wx¢x}v/qt/sxuut¢t}¤/xu/t¦t¢©~}t/§t¢t/q{przNó

ÅConditional Counterfactual Parity
╔▀◌ ȿ╧ ╔▀□ ȿ╧

Áòwould the rates of hiring be different if everyone were blackNó/Qdc/£¤¢p¤xuxts/q©/£~|t/upr¤~¢£

ÅThe easiest way to satisfy counterfactual demographic parity is :
prediction only use non-descendants of A in the causal graph

M.J. Kusner, J. Loftus, C. Russell and R. Silva, Counterfactual fairness , In Neural Information Processing Systems, (2017)

Related with Conditional Demographic Parity 
ὖὨ ρȿὒ ὰȟὃ ὥ ὖὨ ρȿὒ ὰȟὃ ὦ

which means ὣṶὃȿὢ



Counterfactual in real world

òRace plays a significant role in admissions decisions. Consider the example of an Asian-
American applicant who is male, is not disadvantaged, and has other characteristics that 

result in a 25% chance of admission. Simply changing the race of the applicant to whiteñand 
leaving all his other characteristics the sameñwould increase his chance of admission to 

36%. Changing his race to Hispanicwould increase his chance of admission to 77%. Changing 
his race to African-American would increase his chance of admission to 95%ó=/

7@D?/_{px}¤xuuõ£/t¨ t¢¤/¢t ~¢¤/~u/_t¤t¢/b=/P¢rxsxpr~}~;/_¢~ut££~¢/~u/Tr~}~|xr£/p¤/S¥zt/d}x¦t¢£x¤©8

Å[~vx£¤xr/¢tv¢t££x~}/|~st{/pvpx}£¤/Wp¢¦p¢sõ£/ p£¤/ps|x££x~}£/strx£x~}£

ÅConditional statistical parity is not satisfied
P(d=1 | L=l, A=a) = P(d=1 | L=l, A=a) 

@D?/_{px}¤xuuõ£/t¨ t¢¤/¢t ~¢¤/~u/_t¤t¢/b=/P¢rxsxpr~}~;/_¢~ut££~¢/~u/Tr~}~|xr£/p¤/S¥zt/d}x¦t¢£x¤©



Fairness measurement in benchmarking dataset
ÅSo, is the classifier fair? Ą Logistic regression on German Credit Dataset

German Credit Dataset. M. Lichman. 2013. UCI Machine Learning Repository. (2013). http://archive.ics. uci.edu/m
Verma, S., & Rubin, J. (2018). Fairness definitions explained . In 2018 ieee/ acm fairware. IEEE. l

ÅDepends on the notion of fairness one wants to adopt. 
ÁMore work is needed to clarify which definitions are appropriate to each particular situation

Context matters



Summary of metrics
ÅGroup Fairness

Á Independence, separation, sufficiency
Á Confusion matrix-related 
Á Counterfactual parity

Å Individual Fairness
Á Metrics
Á Individual counterfactual

ÅCounterfactual
Á Conceptually
Á Applied

Å\p}©/|~¢tê

Lim SweeKiat. Retrieved December 2021. Machines go Wrong. https://machinesgonewrong.com/fairness/
Oneto, L. (2020). Learning fair models and representations. IntelligenzaArtificiale , 14(1), 125-152.DOI 10.3233/IA-190034
Castelnovo, A., Crupi, R., Greco, G., & Regoli, D. (2021). The zoo of Fairness metrics in Machine Learning. arXiv

https://machinesgonewrong.com/fairness/


Metrics clarification
ÅTheory : Formal criteria aforementioned: 

ÁAṶS|X ðAṶS ðAṶS|Y ðAṶY|S

ÅApplied : Majumder, S. et al (2021) 
Á26 classification metrics Ą 7 clusters
Á4 dataset metrics Ą 3 clusters

RQ1: Do current fairness metrics agree with each other? 

No Ą 51% agreement

RQ2: Can we group (cluster) fairness metrics based on 
similarity?

Yes Ąminimizing intra-cluster disagreement

RQ4: Can we achieve fairness based on all the metrics at the 
same time?

No. Each cluster and metric measure on thing, sometimes opposite

Again, choose depends on the context

Majumder, S., Chakraborty, J., Bai, G. R., Stolee, K. T., & Menzies, T. (2021). Fair Enough: Searching for Sufficient Measures of Fairness.preprint arXiv:2110.13029.



Saleiro, P., et al. (2018). Aequitas: A bias and fairness audit toolkit. arXiv:1811.05577
http://www.datasciencepublicpolicy.org/our -work/tools -guides/aequitas/

Metrics clarification

http://www.datasciencepublicpolicy.org/our-work/tools-guides/aequitas/


Impossibility 
Theorem

Why different definitions are not compatible?
Inherent Trade-off of fairness



Fairness limitations

ÅAccuracy VS Fairness

ÅGroup Fairness Impossibility Theorem

ÅGroup VS Individual



Accuracy vs Fairness Tradeoff

Valdivia, A., SánchezȤMonedero, J., & Casillas, J. (2021). How fair can we go in machine learning? Assessing the boundaries of accuracy and fairness. IJIS,36(4), 1619-1643.
Menon, A. K., & Williamson, R. C. (2018, January). The cost of fairness in binary classification. In Conference on Fairness, Accountability and Transparency (pp. 107-118). PMLR
Zafar, M. B., Valera, I., Rogriguez, M. G., & Gummadi, K. P. (2017, April). Fairness constraints: Mechanisms for fair classification. In Artificial Intelligence and Statistics . PMLR.

ὴϷὶόὰὩÍÉÎ
ὖὣ ρȿὃ ὥ

ὖὣ ρὃ ὦ
ȟ
ὖὣ ρȿὃ ὦ

ὖὣ ρὃ ὥ

ὴ

ρππ

Impose constraints on the accuracy with fairness metrices leads to not aligned objectives
c¢pst~uu/st t}s£/~}/w~§/ò£x|x{p¢ó/h/p}s/P/p¢t/Ą e.g., if aligned, then linear penalty

The more aligned, the more one will penalize the other
We will have solutions in the pareto front



Xŧƃşÿř ĘƃńƏĢƃńÿϝƇ ńşƀŧƇƇńėńřńƏƯ ƏŀĢŧƃĢş
ÅIndependence vs sufficiency ðDPvs PP

Á If A ṶYĄ either DPor PP, but NOT BOTH

ÅIndependence vs SeparationðDPvs EO
Á If Y ṶA && Y ṶS Ą either DPor EO, but NOT BOTH

ÅSeparationvs sufficiency ðEOvs PP
Á If ὖὥȟίȟώ πᶅ ὃὼὛὼὣ(all events in the joint distribution of have positive probability) AND
Á If A ṶYĄ either EOor PP, but NOT BOTH
Á If predictor satisfy EO, PPrequires equal PPV, and therefore need equal base rates ĄNot usually happen
Á i.e., If different base rates P( Y=1 | A=a ) ÍP( Y=1 | A=b ) Ą either EOor PP, but NOT BOTH

J. Kleinberg, S. Mullainathan, M. Raghavan, Inherent trade-offs in the fair determination of risk scores, Innovations in Theoretical Computer Science Conference
Chouldechova, A. (2017). Fair prediction with disparate impact: A study of bias in recidivism prediction instruments. Big data, 5(2), 153-163
Barocas, S., Hardt, M., & Narayanan, A. (2017). Fairness in machine learning. Nips tutorial, 1, 2017

Make 2 FP to achieve EO
Equal TPR and TNR between groups

Negative Predictive Parity violated
Not possible to preserve NPV without 
sacrificing EO/PP

Independence Separation Sufficiency

AṶS AṶS | Y AṶY | S

ṶĄ dependent   ||   ṶĄ Independent
Demographic Parity - DP

Equalized odds - EO
Predictive Parity - PP



Xŧƃşÿř ĘƃńƏĢƃńÿϝƇ 
relationship

╟◐▼ȟ═ ╟▼═ ╟▼ȿ◐ȟ═ ╟◐ȿ═

Predictive Parity Demographic Parity Equalized odds Base Rate

Proofs based on Positive Predicted Value, TPR and FPR

If unequal base rates && not perfect classifier 
Ą Sufficiency implies that Error parity Fails

Martin Wattenberg, Fernanda Viégas, and Moritz Hardt Attacking 
discrimination with smarter ML. 
https://research.google.com/bigpicture/attacking -discrimination- in-ml/

Loan granting: 2 groups with different base rates

ÅMaximize profit Ą violate TPR and PR

ÅUnaware Ą orange gets fewer loans - also violate TPR and PR

ÅDemographic Parity (PR) ĄViolates TPR (EO)

ÅEqualized odds(EO) ĄViolates PR (DP)

MAX PROFIT UNAWARE

DP
Independence

EO
Separation

A
cc

ur
ac

y
T

P
R

 -
P

R

https://research.google.com/bigpicture/attacking-discrimination-in-ml/


Garg, P., Villasenor, J., & Foggo, V. (2020). Fairness metrics: A comparative analysis . In 2020 IEEE  Big Data. IEEE.
del Barrio, E., Gordaliza, P., & Loubes, J. M. (2020). Review of mathematical frameworks for fairness in machine learning. arXiv
Castelnovo, A., Crupi, R., Greco, G., & Regoli, D. (2021). The zoo of Fairness metrics in Machine Learning. arXiv preprint arXiv:2106.00467
Chiappa, S., & Isaac, W. S. (2018). A causal bayesiannetworks viewpoint on fairness. In IFIP International Summer School on Privacy and Identity Management. Springer, 
Cham.Oneto, L., & Chiappa, S. (2020). Fairness in Machine Learning. ArXiv, abs/2012.15816.
Martin Wattenberg, Fernanda Viégas, and Moritz Hardt Attacking discrimination with smarter ML. https://research.google.com/bigpicture/attacking -discrimination-in-ml/
Moritz Hardt - MLSS 2020, Tübingen. https://youtu.be/Igq_S_7IfOU?t=4056
http://www -student.cse.buffalo.edu/~atri/algo -and-society/support/notes/fairness/index.html

Metrics not sufficient on their own

Impendence and error rate parity [EO, FPR] violated

Statistical fairness criteria on 
their own cannot be a proof of 

fairness, just a piece of it

https://research.google.com/bigpicture/attacking-discrimination-in-ml/
https://youtu.be/Igq_S_7IfOU?t=4056
http://www-student.cse.buffalo.edu/~atri/algo-and-society/support/notes/fairness/index.html


Imposing 
fairness

How to plug chosen fairness definition into 
the training on ML algorithms?



How to satisfy Fairness criteria
Pre-processing

ÁFrom feature space to a representation Ą Independence SṶP
ÁModel learned from this representation will be fair[Data processing inequality Information Theory]

ÁModel agnostic
Á Information loss in latent space

Post-processing
ÁTaking a trained classifier Ą adjust it depending on the sensitive attribute and randomness
Á independence is achieved
ÁWorks for black-box models and no re-training needed
ÁUseful when no access to training data, complex-no access to training pipeline
ÁNot that efficient due to the same reasons

In-processing
ÁFairness constraints in the optimization process 
ÁPowerful Ą fairness during the optimization process
ÁLoss of generality Ą each type of model and specific task uses its own regularize



wŧƏƇ ŧķ ƏŀĢşβ
again

ÅMethod family
ÁPre
Á In
ÁPost

Å Task
Á Binary classification
Á Multiclassification
Á Regression

Å Protected attribute
Á Binary
Á Categorical
Á Numerical

Oneto, L. (2020). Learning fair models and representations. IntelligenzaArtificiale , 14(1), 125-152.DOI 10.3233/IA-190034


