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WHAT is algorithmic (un)fairness?
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Does an AI algorithm discriminate based on a protected attribute (e.g. gender)?

computer program that learns from historical/training data how to 
automate a task, such as decision-making or new data generation

wrongfully impose a relative disadvantage on individuals based 
on their membership to a salient social group



WHY algorithmic (un)fairness? 
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WHY algorithmic (un)fairness?
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HOW algorithmic (un)fairness? - Example
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AI algorithms supplement and even replace human supervision in decision-making

applicant $$$ history ... s decision

1 76k 🔴 ... फ़ grant/reject?

➢ Optimal decision policy: 
Decide based 
(unknown) true 

probability of a positive 
outcome

(x , s)
Non-sensitive 
features Sensitive features

The algorithm “sees” 
each individual (only) 

as a set of features



➢ In practice, we learn a predictive model such that                                                   , 
and decide according to  

HOW algorithmic (un)fairness? - Example
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HOW algorithmic (un)fairness? 

➢ Historical data contains human biases and stereotypes
➢ Even if sensitive information not used by algorithm, it finds proxies 
➢ Features less informative for minority groups
➢ Less data from minority groups
➢ Wrong assumptions and feedback loops 
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HOW algorithmic (un)fairness? 

➢ Historical data contains human biases and stereotypes
➢ Even if sensitive information not used by algorithm, it finds proxies 
➢ Features less informative for minority groups
➢ Less data from minority groups
➢ Wrong assumptions and feedback loops 

RegulatorConsumers

Owner-centered AI

Owner

Benefit
s

Risk
s
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Assumption I: Decisions as a predictions

➢ Historical data is often not representative of the population but potentially 
biased (due to, e.g., feedback loops and selective labels)

Lakkaraju et al., SIGKDD’17

➢ Algorithm training assumes data to be representative (i.i.d) from the 
underlying individuals population to learn   
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Consequence I: Unfairness amplification

Kilbertus et al., AISTATS’20

 Unfairness 
amplification! Performance 

gap

➔ We should learn to decide (not to predict) using stochastic policies, which make a 
positive decision with a certain probability. 

Stochastic policies

Prediction-based policies
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Consequence I: Unfairness amplification

Liu et al., 2018; Rateike et al., FAccT'22; Yin et al., 2023; Rateike et al., FAccT'24

➔ But, is deciding stochastically fair at all?  Moral concerns about stochastic policies due to 
the variance of their decisions (both on a particular time and also over time). 

➔ Fair stochastic policies in the  short- and long-term, as well as over time. 

 Require explicit assumptions on feedback loops 
and/or distributional shifts. 

 Require fairness notions that 
account for variations over time

time

unfairness
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Challenge I: Explicit and verifiable assumptions

Stable Diffusion’s text-to-image model amplifies stereotypes 
amplification

Global Gender Gap Report 2023

How do we systematically measure 
unfairness amplification? 

Is the data collection biased by a 
feedback loop? How to account for both 

short- and long-term effects?… 
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Standard process for curating historical loan approval data:

Assumption II: Fairness of binary decisions & outcomes

Considers (binary) outcome as a 
proxy to quality of the decision

Agier and Szafarz, World Development’13; Kanubala et al., EWAF’24
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Standard process for curating historical loan approval data:

Assumption II: Fairness of binary decisions & outcomes

Considers (binary) outcome as a 
proxy to quality of the decision

Neglect that treatment is part of 
the decision and thus subject to 

discrimination

Fairness measures 
on relationship between on  
(binary) decision & outcome 

Agier and Szafarz, World Development’13; Kanubala et al., EWAF’24
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Consequence II: Blind to sources of unfairness

Kanubala et al., EWAF’24

➢ Data generation process:

Treatment 
discrimination

M → F F → M

Amount -250 DM +250 DM

Duration -0.8 
months

+1.3 months

Repayment +8% ≈

(Results on German dataset)

‘Positive treatment discrimination’ towards 
males has a negative downstream effect on 

their repayment 

1. Treatment Z is part of the decision and subject 
to discrimination

2. Treatment discrimination may propagate to 
observed and thus bias the outcomes Y
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Consequence II: Blind to sources of unfairness

Kanubala et al., EWAF’24

1. Treatment Z is part of the decision and subject 
to discrimination

2. Treatment discrimination may propagate to 
observed and thus bias the outcomes Y

➢ Data generation process:

Treatment 
discrimination

M → F F → M

Amount -250 DM +250 DM

Duration -0.8 
months

+1.3 months

Repayment +8% ≈

(Results on German dataset)

Treatment 
discrimination

LGD ESI

Females 1.2 DM 0.4k DM

Males (unfair treatment) 1.1k DM 0.5k DM

Males (fair treatment) 0.9k  DM 0.4k DM

Fairer decisions can make all stakeholders better off
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Consequence II: Blind to sources of unfairness

Karimi et al., NeurIPS’20; Sanchel-Martin et al., AAAI'22; Javaloy et al., NeurIPS'23; 

➔ Causality can help to reason about the sources and paths of unfairness 

➔ Many ongoing efforts for causal discovery and inference from 
data with relaxed assumptions 

➔ But, still many practical limitations and concerns.

Need of tools for causal reasoning 
under practical assumptions

Angélica Dass’ Humanae project 
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Challenge II: Holistic assessment of algorithmic fairness

Medium: https://medium.com/@theagipodcast/implementing-generative-ai-a-pipeline-architecture-7321e0a5cec4

Generative AI Life Cycle

How to keep track of all 
the decisions made in the 
algorithm development 
and measure their effect 

on fairness?
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Assumption III: Fairness as a constraint to performance

Fairness measure as a 
constraint to performance

(Predictive) performance as proxy 
of owner's utility

Zafar et al., AISTATS’17, Zafar et al., WWW’17, Dehdashtian et al., CVPR’24

(Standard fairness-performance trade-off)
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Consequence III: Mismatch in AI risks/benefits evaluation   

Repayment probability   Bank loss (given default)   Client loss (interest paid)

(Stakeholders’ benefits of fairness in treatment)

Kusner et al, NeurIPS’17; Javaloy et al. NeurIPS’23; Dhdashtian et al., IEEE/CVF’24; Kanubala et al., EWAF’24

(Counterfactual fairness analysis)

Fairness-performance trade-off 
depends on fairness notion and 

assumptions

Fairness & performance 
considerations directly 

on stakeholders’ 
benefits
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Challenge III: Measure and optimize stakeholders' utility

Ongoing – stay tuned!

MOO approach and stochastic policies for 
better fairness-accuracy trade-offs
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Challenge III: Measure and optimize stakeholders' utilities

Ongoing – stay tuned!

Directly optimize the (disparity of) utilities of 
owner and consumers for better and more 

transparent trade-offs
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Challenge III: Measure and optimize stakeholders' utility

Ongoing – stay tuned!

How do we measure  and optimize for 
benefits/risks for all relevant stakeholders?
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Owner-centered AI 

RegulatorConsumers Owner

Benefit
s

Risk
s

Consequence III: Mismatch in AI 
risks/benefits evaluation   

Consequence I: Unfairness 
amplification

Consequence II: Blind to
sources of unfairness 
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Need of paradigm shift to…  

Challenge III: Measure and optimize 
stakeholders' risks/benefits

Challenge I: Explicit and 
verifiable assumptions

Challenge II: Holistic 
assessment of algorithmic 
fairness

RegulatorConsumer
s

Owner

Benefits Risks
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Society-aware AI

Informed discussion and agreement on 
trade-off on benefits/risks 

Benefits & risks of all 
stakeholders as first-class 
objectives

Stakeholders’ oversight of 
(explicit) algorithm

RegulatorConsumers Owner

Benefits Risks
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Thanks for your attention!

https://machinelearning.uni-saarland.de/

Acknowledgements to my group members and collaborators!

RegulatorConsumer
s

Owner

Benefits Risks
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