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Today‘s workshop:

• Bias: definition and causes

• 3 Case-studies

• Mitigation techniques

• Q&A
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Bias in AI



Today‘s workshop:

• Bias: definition and causes

• 3 Case-studies

• Mitigation techniques

• Q&A

AI = automated system that learns patterns from data to make predictions or decisions
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Bias in AI



Bias in AI
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Algorithmic bias are systematic errors that occur in decision-making processes, leading to

unfair outcomes. It can arise from data collection, algorithm design or human 

interpretation.

Image source: 
BMJ 2021;372:n304

https://doi.org/10.1136/bmj.n304
https://doi.org/10.1136/bmj.n304


• Applicant Tracking System (ATS) trained on 10 years of hiring decisions (2004-2014)

Source: Reuters

CS1: Bias from Data  
Amazon’s Recruiting Tool
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https://www.reuters.com/article/world/insight-amazon-scraps-secret-ai-recruiting-tool-that-showed-bias-against-women-idUSKCN1MK0AG/


• Applicant Tracking System (ATS) trained on 10 years of hiring decisions (2004-2014)

• The ATS learned that „succesfull candidate“ = male profile (reflection of male 

dominance across tech industry)

Source: Reuters

CS1: Bias from Data  
Amazon’s Recruiting Tool
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https://www.reuters.com/article/world/insight-amazon-scraps-secret-ai-recruiting-tool-that-showed-bias-against-women-idUSKCN1MK0AG/


• Applicant Tracking System (ATS) trained on 10 years of hiring decisions (2004-2014)

• The ATS learned that „succesfull candidate“ = male profile (reflection of male 

dominance across tech industry)

• Actively penalized resumé containing words like “women’s” e.g. “women’s chess club 

captain”, or candidates from female colleges

• This is what we call “proxy variable” (= indirect signals) that led to gender bias

Source: Reuters

CS1: Bias from Data  
Amazon’s Recruiting Tool
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https://www.reuters.com/article/world/insight-amazon-scraps-secret-ai-recruiting-tool-that-showed-bias-against-women-idUSKCN1MK0AG/


• Applicant Tracking System (ATS) trained on 10 years of hiring decisions (2004-2014)

• The ATS learned that „succesfull candidate“ = male profile (reflection of male 

dominance across tech industry)

• Actively penalized resumé containing words like “women’s” e.g. “women’s chess club 

captain”, or candidates from female colleges

• This is what we call “proxy variable” (= indirect signals) that led to gender bias

• Ultimately, the whole project was scrapped

Source: Reuters

CS1: Bias from Data  
Amazon’s Recruiting Tool
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https://www.reuters.com/article/world/insight-amazon-scraps-secret-ai-recruiting-tool-that-showed-bias-against-women-idUSKCN1MK0AG/


• Applicant Tracking System (ATS) trained on 10 years of hiring decisions (2004-2014)

• The ATS learned that „succesfull candidate“ = male profile (reflection of male 

dominance across tech industry)

• Actively penalized resumé containing words like “women’s” e.g. “women’s chess club 

captain”, or candidates from female colleges

• This is what we call “proxy variable” (= indirect signals) that led to gender bias

• The ATS copied and amplified the (human) bias, then systematically applied it to

thousands of applications.

Source: Reuters

CS1: Bias from Data  
Amazon’s Recruiting Tool
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https://www.reuters.com/article/world/insight-amazon-scraps-secret-ai-recruiting-tool-that-showed-bias-against-women-idUSKCN1MK0AG/


• A massive healthcare risk-prediction algorithm used by US hospitals and insurers to 

manage care (extra resources) for 200M people annually, based on a “risk score”.

CS2: Bias from Algorithmic Design
Optum Healthcare Algorithm
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Source: Obermeyer et al.

https://www.science.org/doi/10.1126/science.aax2342


• A massive healthcare risk-prediction algorithm used by US hospitals and insurers to 

manage care (extra resources) for 200M people annually, based on a “risk score”.

• The algorithm systematically discriminated against black patients. At the exact same 

“risk score”, black patients were significantly sicker than white patients.

CS2: Bias from Algorithmic Design
Optum Healthcare Algorithm

1504/02/2026

Source: Obermeyer et al.

https://www.science.org/doi/10.1126/science.aax2342


• A massive healthcare risk-prediction algorithm used by US hospitals and insurers to 

manage care (extra resources) for 200M people annually, based on a “risk score”.

• The algorithm systematically discriminated against black patients. At the exact same 

“risk score”, black patients were significantly sicker than white patients.

• Need for a way to calculate “health needs/risk score”

• Design logic: 

“Sick people cost more money: if we predict cost→ we predict sickness.”

CS2: Bias from Algorithmic Design
Optum Healthcare Algorithm
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Source: Obermeyer et al.

https://www.science.org/doi/10.1126/science.aax2342


• A massive healthcare risk-prediction algorithm used by US hospitals and insurers to 

manage care (extra resources) for 200M people annually, based on a “risk score”.

• The algorithm systematically discriminated against black patients. At the exact same 

“risk score”, black patients were significantly sicker than white patients.

• Need for a way to calculate “health needs/risk score”

• Design logic: 

“Sick people cost more money: if we predict cost→ we predict sickness.”

• In the US healthcare system, black patients historically have less access to care 

and are treated at lower rates than white patients for the same conditions. 

Therefore, they spend less money.

• The algorithm has since been revised and optimized

CS2: Bias from Algorithmic Design
Optum Healthcare Algorithm
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Source: Obermeyer et al.

https://www.science.org/doi/10.1126/science.aax2342


• A massive healthcare risk-prediction algorithm used by US hospitals and insurers to 

manage care (extra resources) for 200M people annually.

• The algorithm systematically discriminated against black patients. At the exact same 

“risk score”, black patients were significantly sicker than white patients.

• The algorithm worked perfectly as designed. It accurately predicted that black 

patients would cost less. The bias was not in the data (the cost data was accurate); 

the bias was in the design of the objective function “cost = health”

CS2: Bias from Algorithmic Design -
Optum Healthcare Algorithm
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Source: Obermeyer et al.

https://www.science.org/doi/10.1126/science.aax2342


• In January of 2020, Detroit Police wrongfully arrested Williams with the accusation of 

stealing watches from a store in downtown Detroit two years earlier.

• The facial recognition software used by the Detroit Police Department found a match 

between one of Williams' old driver’s license photos and grainy surveillance footage of 

the real thief.

CS3: Bias from Interpretation -
Wrongful arrest of Robert Williams
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Source: NY Times

https://www.nytimes.com/2024/06/29/technology/detroit-facial-recognition-false-arrests.html


• In January of 2020, Detroit Police wrongfully arrested Williams with the accusation of 

stealing watches from a store in downtown Detroit two years earlier.

• The facial recognition software used by the Detroit Police Department found a match 

between one of Williams' old driver’s license photos and grainy surveillance footage of 

the real thief.

• The software documentation explicitly stated that a match was only an “investigative 

lead” and did not constitute “probable cause” for an arrest.

• Detroit police ignored this warning. Instead of doing further detective work, e.g. 

checking Mr. Williams’s alibi or his cell phone location data, they took the computer’s 

“suggestion” and treated it as a definitive identification

• Williams sued and reached a settlement in 2024 that included monetary damages and 

created the nation's strongest police facial recognition policies.

CS3: Bias from Interpretation -
Wrongful arrest of Robert Williams
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Source: NY Times

https://www.nytimes.com/2024/06/29/technology/detroit-facial-recognition-false-arrests.html


• In January of 2020, Detroit Police wrongfully arrested Williams with the accusation of 

stealing watches from a store in downtown Detroit two years earlier.

• The facial recognition software used by the Detroit Police Department found a match 

between one of Williams' old driver’s license photos and grainy surveillance footage of 

the real thief.

• The software documentation explicitly stated that a match was only an “investigative 

lead” and did not constitute “probable cause” for an arrest.

• Detroit police ignored this warning. Instead of doing further detective work, e.g. 

checking Mr. Williams’s alibi or his cell phone location data, they took the computer’s 

“suggestion” and treated it as a definitive identification

• This is a case of automation bias, i.e. the tendency for humans to favor suggestions 

from automated decision-making systems and ignore contradictory information (e.g. 

the fact that the man in the video looked different).

CS3: Bias from Interpretation -
Wrongful arrest of Robert Williams

2104/02/2026
Source: NY Times

https://www.nytimes.com/2024/06/29/technology/detroit-facial-recognition-false-arrests.html


• Algorithmic bias can perpetuate and even amplify existing inequalities and societal 

prejudice, leading to discrimination against marginalized groups and limiting their 

access to essential services, e.g. healthcare, employment, housing, education, and 

finance.

Real impact of bias in AI
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• Algorithmic bias can perpetuate and even amplify existing inequalities and societal 

prejudice, leading to discrimination against marginalized groups and limiting their 

access to essential services, e.g. healthcare, employment, housing, education, and 

finance.

• Real-word impact:

• Legal/regulatory risk (compliance violation, lawsuits)

• Economic consequences (lost opportunity, wage gaps)

• Trust erosion (people losing trust in AI systems)

• Innovation stagnation (missing diverse perspective)

Real impact of bias in AI
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GenAI & Bias

2404/02/2026



• Model of the world as Western, 

Educated, Industrialized, Rich, and 

Democratic (WEIRD; Henrich et al., 2010) 

• people of non-WEIRD origin are less 

likely to be literate, to use the Internet, 

therefore, to be represented online

• ChatGPT treats WEIRD perspective as 

universal human experience

2504/02/2026

ChatGPT has WEIRD bias!

Source: M. Atari et al. (2023): Which Humans?

https://henrich.fas.harvard.edu/sites/g/files/omnuum5811/files/henrich/files/which_humans_09222023.pdf
https://henrich.fas.harvard.edu/sites/g/files/omnuum5811/files/henrich/files/which_humans_09222023.pdf
https://henrich.fas.harvard.edu/sites/g/files/omnuum5811/files/henrich/files/which_humans_09222023.pdf
https://henrich.fas.harvard.edu/sites/g/files/omnuum5811/files/henrich/files/which_humans_09222023.pdf


• Model of the world as Western, 

Educated, Industrialized, Rich, and 

Democratic (WEIRD; Henrich et al., 2010) 

• ChatGPT treats WEIRD perspective as 

universal human experience

• Marginalized perspectives treated as 

"exceptions" to the norm

• When millions rely on AI that 

assumes everyone lives like wealthy 

westerners, it pushes the world 

toward one-size-fits-all solutions that 

do not fit most people

2604/02/2026

ChatGPT has WEIRD bias!

Source: M. Atari et al. (2023): Which Humans?

https://henrich.fas.harvard.edu/sites/g/files/omnuum5811/files/henrich/files/which_humans_09222023.pdf
https://henrich.fas.harvard.edu/sites/g/files/omnuum5811/files/henrich/files/which_humans_09222023.pdf
https://henrich.fas.harvard.edu/sites/g/files/omnuum5811/files/henrich/files/which_humans_09222023.pdf
https://henrich.fas.harvard.edu/sites/g/files/omnuum5811/files/henrich/files/which_humans_09222023.pdf


• Linguistic style (e.g., tone and wording) can be exploited to bypass safety 

mechanisms in large language models. They take harmful prompts from standard 

jailbreak benchmarks and transform them into 11 different linguistic styles, then 

measure how often models give unsafe outputs across those styles.

• jailbreak success rate by up 

to ~57 percentage points

compared to neutral phrasing. 

Prompting style as jailbreak

2704/02/2026

Source: S. Panda et al. (2025): Say It Differently: Linguistic Styles as Jailbreak Vectors

https://arxiv.org/html/2511.10519v1


• Linguistic style (e.g., tone and wording) can be exploited to bypass safety 

mechanisms in large language models. They take harmful prompts from standard 

jailbreak benchmarks and transform them into 11 different linguistic styles, then 

measure how often models give unsafe outputs across those styles.

• jailbreak success rate by up 

to ~57 percentage points

compared to neutral phrasing. 

Prompting style as jailbreak
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Source: S. Panda et al. (2025): Say It Differently: Linguistic Styles as Jailbreak Vectors

Technological advancement

less harmfull

https://arxiv.org/html/2511.10519v1
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Lack of standard ontology

Some examples of bias classification (multidisciplinary):

By source of bias (sociology / STS)

Historical · Societal · Institutional · Human · Data-related

By stage of the ML pipeline (engineering)

Data collection · Labeling · Training · Evaluation · 

Deployment

By affected group (law / policy)

Gender · Race · Age · Disability · Intersectional groups

By type of harm (ethics)

Allocative · Representational · Quality-of-service · 

Dignitary

By formal fairness definition (ML theory)

Demographic parity · Equalized odds · Calibration · etc.
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Source: Fairness and Bias in Artificial Intelligence: 
A Brief Survey of Sources, Impacts, and 

Mitigation Strategies

Mitigation techniques classified 

based on where they intervene in 

the ML pipeline

https://arxiv.org/pdf/2304.07683
https://arxiv.org/pdf/2304.07683
https://arxiv.org/pdf/2304.07683
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Bias 
mitigation
principles

7. It is an ongoing process. Not a one-time fix, need continuous
testing and evaluation.

8. „nothing about us, without us“: include affected communities in 
the process.

9. Prevention is better (and easier) than detection: design for
fairness from the start!

↓
Source: Tackling bias in artificial intelligence 

(and in humans) | McKinsey

https://www.mckinsey.com/featured-insights/artificial-intelligence/tackling-bias-in-artificial-intelligence-and-in-humans
https://www.mckinsey.com/featured-insights/artificial-intelligence/tackling-bias-in-artificial-intelligence-and-in-humans


what could have been done (better)

• Data auditing (bias detection tool, e.g. AI Fairness 360)

• Resampling training data

• Diverse data collection strategies

• Proxy variable identification and removal

Bias mitigation techniques:
Amazon’s Recruiting Tool

3204/02/2026

https://ai-fairness-360.org/


what could have been done (better)

• Data auditing (bias detection tool, e.g. AI Fairness 360)

• Resampling training data

• Diverse data collection strategies

• Proxy variable identification and removal

Who could have acted:

Data Scientist/Engineer: Run hereabove bias detection and mitigation algorithms

HR/Talent Teams: Surface bias patterns in historical data, advocate for diverse sourcing 

strategies

Product Managers: Mandate bias audits before deployment, allocate timeline for data 

quality work

Legal/Compliance: Require fairness testing as part of approval process

Bias mitigation techniques:
Amazon’s Recruiting Tool

3304/02/2026

https://ai-fairness-360.org/


what could have been done (better)

• Fairness-aware Algorithm Design 

• Multiple fairness metrics evaluation 

• Domain expert consultation 

• Counterfactual testing ("what if we used different variables?")

Bias mitigation techniques:
Optum Healthcare Algorithm
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what could have been done (better)

• Fairness-aware Algorithm Design 

• Multiple fairness metrics evaluation 

• Domain expert consultation 

• Counterfactual testing ("what if we used different variables?")

Who could have acted:

ML Engineers: Implement fairness constraints in algorithm design

Healthcare Domain Experts: Challenge the "cost equals health need" assumption

Product Managers: Define fairness requirements upfront, not as afterthought

Leadership: Prioritize equitable care over pure cost optimization

Bias mitigation techniques:
Optum Healthcare Algorithm
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what could have been done (better)

• Clear AI interpretation guidelines

• Confidence thresholds and uncertainty communication

• Human-in-the-loop verification processes

• Regular auditing of AI-assisted decisions

Bias mitigation techniques:
Wrongful arrest of Robert Williams
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what could have been done (better)

• Clear AI interpretation guidelines

• Confidence thresholds and uncertainty communication

• Human-in-the-loop verification processes

• Regular auditing of AI-assisted decisions

Who could have acted:

End Users (Officers): Follow "investigative lead only" protocols

Training Teams: Educate on AI limitations and proper interpretation

Supervisors: Enforce verification requirements before arrests

Procurement Leaders: Set clear use case boundaries when purchasing AI tools

Bias mitigation techniques:
Wrongful arrest of Robert Williams

3704/02/2026



Questions? ☺
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Contact

Giulia Bianchi
Junior Research Engineer
AIT –

Austrian Institute of Technology

giulia.bianchi@ait.ac.at

AI Factory Austria AI:AT

Schwarzenbergplatz 2
1010 Wien, Austria

training@ai-at.eu

info@ai-at.eu

ai-at.eu

@ai-factory-austria
linkedin.png

AI Factory Austria AI:AT39

mailto:giulia.bianchi@ait.ac.at
mailto:training@ai-at.eu
mailto:training@ai-at.eu
mailto:training@ai-at.eu
mailto:info@ai-at.eu
mailto:info@ai-at.eu
mailto:info@ai-at.eu
http://www.ai-at.eu/
http://www.ai-at.eu/
http://www.ai-at.eu/
https://www.linkedin.com/company/ai-factory-austria/


AI Factory Austria AI:AT – confidential40

Funded by

under discussion with

AI Factory Austria AI:AT40

AI Factory Austria AI:AT has received funding from the European High-Performance Computing Joint Undertaking (JU) under grant agreement 

No 101253078. The JU receives support from the Horizon Europe Programm of the European Union and Austria (BMIMI / FFG).
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