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Bias in AI

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/use.

Img source: Mind the Gap-Bias in AI (IMD)

https://imd.widen.net/s/wlqrdhw9l7/imd_mind-the-gap_bias-in-ai_whitepaper_digital
https://imd.widen.net/s/wlqrdhw9l7/imd_mind-the-gap_bias-in-ai_whitepaper_digital
https://imd.widen.net/s/wlqrdhw9l7/imd_mind-the-gap_bias-in-ai_whitepaper_digital
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Bias from data collection:

Amazon's Recruiting Tool

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

• The ATS learned that „successful 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.

715/04/2026 Source: Reuters (2018)

https://www.reuters.com/article/world/insight-amazon-scraps-secret-ai-recruiting-tool-that-showed-bias-against-women-idUSKCN1MK0AG/
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Bias from algorithmic design:

Optum Healthcare Algorithm

915/04/2026

• 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”(<97%).

• 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.

Source: Obermeyer et al., Science (2019)

https://www.science.org/doi/10.1126/science.aax2342
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Bias from human interpretation:

Wrongful arrest of Robert Williams

1115/04/2026

• 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 technology (FRT) 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

Source: NY Times

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


• When AI bias goes undetected or unaddressed, the consequences extend way beyond 

the algorithm:

o Financial & legal exposure: $300k settlement for Mr Wiliams; ongoing class action 

lawsuits vs Humana & UnitedHealthcare; EU AI Act fines up to €40M or 7% of 

global turnover

o Harm at scale: Optum's algorithm affected 200M people every year, after 

optimization extra care for black patient rose from 17,7% to 46,5%

o Wasted investment & talent loss: Amazon scrapped 3+ years of R&D; 

systematically excluded qualified diverse candidates; high-profile failure studied 

globally as cautionary tale

o Governance failure & trust erosion: Williams case drove nation's first FRT 

legislation; high-profile failures fuel "defund/abolish" movements: when your 

mistake becomes a rallying cry, recovery takes decades

Bias in AI:

Why should I care?

1215/04/2026
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Generative AI (GenAI)



how biased is GenAI? Try it for yourself!

Using DALL-E or any other GenAI image creator, try the following keyword in your 

prompts to generate image and assess if the output reflects stereotypes:

Bias & GenAI

1415/04/2026

Physician Nurse Doctor

CEO Leader Athlete

Source: Mind the Gap - AI - White Papers - I by IMD

86% of company are actively exploring GenAI

9% only has governance structure in place to mitigate bias
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Physician Nurse Doctor

CEO Leader Athlete

Source: Mind the Gap - AI - White Papers - I by IMD
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ChatGPT is WEIRD!

When tested across diverse cultural 

contexts, ChatGPT demonstrated 

systematic bias toward WEIRD
(Western, Educated, Industrialized, Rich, 

and Democratic) cultural values; 

meaning the AI treats Western 

European ethical reasoning as the 

default 'human' perspective while 

underrepresenting the majority of 

global humanity

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

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


AI tutoring platforms use speech recognition to transcribe teachers, then feed that transcript into an 

automated feedback system. 

A 2025 CHI study found that Whisper ASR had measurably higher error rates for Black tutors than 

white tutors; and those errors cascaded downstream: the feedback classifier rated Black tutors' 

discourse as lower quality, even when human reviewers ranked it higher.

Whisper performs worse on African American vernacular English because training data 

overrepresents standard American English: the model reflects whose voices were recorded, 

transcribed, and deemed worth including.

Bias in Automatic Speech Recognition

(ASR)
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Source: Ezema et. Al (2025)

https://dl.acm.org/doi/full/10.1145/3706598.3714059
https://dl.acm.org/doi/full/10.1145/3706598.3714059


Generative AI models for drug discovery 

are trained overwhelmingly on biomedical 

literature and screening datasets from 

high-income countries. 

Diseases prevalent in sub-Saharan 

Africa and Southeast Asia are 

Underrepresented.

→The funding gap is now encoded in the model

AI & drug discovery: for whom?
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Source: Nishan MDNH (2025)

https://pubmed.ncbi.nlm.nih.gov/39791403/
https://pubmed.ncbi.nlm.nih.gov/39791403/


• 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. 

LLMs: "I can't help with that", 

unless you ask nicely!

1915/04/2026 Source: S. Panda et al. (2025): Say It Differently: Linguistic Styles as Jailbreak Vectors

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


• What are the major risks of bias in 
GenAI for you and your enterprise?

https://www.menti.com/aln5wxxz323q

2015/04/2026

Your turn!
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Bias & GenAI



• Bias-free AI is impossible to achieve. For two main reasons:

1. AI mirrors the world, especially GenAI, learns from data (text, audio, image, 

video...) that reflects societal inequalities: an AI's internal representation inevitably 

captures these patterns.

▪ i.e. Image generators prompted with 'CEO' show mostly men in 2026 for the 

same reason Google Image Search did in 2015: both reflect a real world where 

leadership has historically been male-dominated

2. The fairness impossibility theorem: currently 20+ formulas to define fairness, 

and it has been proved mathematically impossible to optimize for multiple definition 

at the same time. (source: Kleinberg et al. (2016))

Bias in AI: what to do?
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https://arxiv.org/abs/1609.05807


• What is possible is predict, mitigate and document biases, as iterative process

during the AI product lifecycle

Bias in AI: what to do?

2315/04/2026 Source: Mitigating Bias in AI – Playbook – Berkley

https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf
https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf
https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf
https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf
https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf


• What is possible is predict, mitigate and document biases, as iterative process

during the AI product lifecycle

...But who's responsibility is that?

• "Actions to mitigate bias in AI is being taken by various stakeholders – spanning 

companies, academia, government, multilateral institutions, NGOs, and even the 

Roman Catholic Church"

Bias in AI: what to do?

2415/04/2026 Source: Mitigating Bias in AI – Playbook – Berkley

https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf
https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf
https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf
https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf
https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf


• What is possible is predict, mitigate and document biases, as iterative process

during the AI product lifecycle

...But who's responsibility is that in your company?

• Bias is a socio-technical problem: it arises from organizational practices, not just 

code. Mitigation is a shared responsibility: managers, HR, legal, marketing, 

engineering, and leadership must all be involved.

Bias in AI: what to do?

2515/04/2026 Source: Mitigating Bias in AI – Playbook – Berkley

https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf
https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf
https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf
https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf
https://haas.berkeley.edu/wp-content/uploads/UCB_Playbook_R10_V2_spreads2.pdf


Amazon Recruiting Tool

• 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

Who could have acted?

2615/04/2026

Optum Healthcare Algo

• 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

Arrest of Mr.Williams

• 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



What can you do, starting today, as a manger?

A MANAGER'S GUIDE

2715/04/2026



Strategic plays for business leaders to mitigate bias in AI span three pillars:

A MANAGER'S GUIDE
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Build the right 

team

Build the right 

team

Implement robust 

processes

Implement robust 

processes

Governance &

accountability

Governance &

accountability

Enable diverse and

multi-disciplinary 

composition

Promote a culture 

that questions AI 

outputs

Practice 

responsible data & 

algo development

Monitor systems 

continuously post-

deployment

Establish clear 

ownership and 

decision rights

Set clear escalation 

paths for bias 

concerns

Require 

transparency from 

third-party AI 

vendors

Enforce internal 

policies with 

accountability 

mechanisms

Require fairness 

documentation in 

procurement



Identifying and addressing algorithmic bias requires AI GOVERNANCE, i.e. establish a 

system of policies, processes, and accountability mechanisms that ensures AI systems 

are developed and deployed responsibly across your entire organization.

AI Governance starts with your organization's values and principles, that must be 

translated into concrete practices.

A MANAGER'S GUIDE:

AI Governance

3215/04/2026 Source: Mind the Gap - AI - White Papers - I by IMD
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Microsoft's Responsible AI (RAI)

Source: Microsoft AI

Values → AI principles

https://www.microsoft.com/en-us/ai/principles-and-approach
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Microsoft's Responsible AI (RAI)

Values → AI principles

How do we translate this values into action?

Source: Microsoft AI

https://www.microsoft.com/en-us/ai/principles-and-approach


➢ Governance frameworks like NIST's AI Risk Management Framework provide a 

structured approach:

"The AI RMF Core provides outcomes and actions that enable dialogue, understanding, 

and activities to manage AI risks and responsibly develop trustworthy AI systems."

The Core is composed of four functions:

➢ GOVERN

➢ MAP

➢ MEASURE

➢ MANAGE

AI Risk Management Framework 1.0

(AI RMF) - NIST

3515/04/2026

https://airc.nist.gov/airmf-resources/playbook/


➢ GOVERN: establish oversight, accountability structures and risk management culture

➢ MAP: identify AI systems, their context, and related risks

➢ MEASURE:assess identified risks through testing and evaluation

➢ MANAGE: prioritize and act on risks based on projected impact

AI Risk Management Framework 1.0

(AI RMF) - NIST

3615/04/2026
outcome actions



EU AI ACT:

Governance in EU is legally required

3715/04/2026

The EU AI Act transforms governance frameworks from best practice to legal obligation.

The EU AI Act doesn't tell 

you how to implement 

these functions

it tells you they must be 

implemented. 

Frameworks like NIST AI 

RMF provide the 'how.'



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
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Funded by

under discussion with

AI Factory Austria AI:AT39

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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