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AI is Making Decisions

• AI systems are algorithms that make decisions
• Modern AI (ML, deep learning) is used to:

• Diagnose diseases
• Recommend medicine 
• Approve loans
• Set insurance prices
• Rank job candidates
• Recommend content

• But what has changed with Modern AI 
to make it so good?

https://www.medicaldevice-network.com/features/ai-diagnosis/?cf-view

https://www.theguardian.com/technology/2018/oct/10/amazon-hiring-ai-gender-bias-recruiting-engine



What has changes with Modern AI

Four Driving Factors…

Computational
Power (Hardware)

▪ Graphics Processing 
Units (GPUs)

▪ Massively Parallelizable
▪ Price decreases
▪ In every year, 

computational power is 
increasing 
exponentially.

Marketing

▪ Fancy naming
▪ New breakthroughs in 

robotics and AI

Big Data 
Availability

▪ Larger Datasets
▪ Easier Collection & 

Annotation & Storage

100 hours of video 
uploaded every 
minute

350 millions 
images uploaded 
per day

15 millions of 
labeled 
images

Algorithms
(Software)

▪ Improved regularization 
(e.g., dropout) and 
optimization techniques

▪ Novel Methods
▪ Toolboxes

• AI has been around for quite some time, so why is AI only now taking off and performing so well? 

• One of the main driving factors is the availability of big data. 

• Modern AI is largely data-driven, meaning that machine learning models are trained at scale, primarily based 
on data rather than hand-crafted rules. 

• While this has led to impressive performance, it also raises important concerns around fairness and bias.



AI learns from data — 
and data reflects society
• AI models learn patterns from historical 

data. That data may contain:
• Historical discrimination
• Social inequalities
• Biased measurements
• Missing or underrepresented groups

• As a result, AI can learn and reproduce 
unfair patterns, even without explicit 
intent.

Example:

1. Past hiring favored men → AI learns to favor male candidates

2. Medical data overrepresents light skin → AI performs worse on darker skin

https://davenussbaum.com/blog/forget-about-fairness



Classical AI Modern AI

Explicit Rules Learned Patterns

Easier to Inspect Often Opaque (“black box”)

Smaller Scale Deployed at massive Scale

Limited Data Massive uncontrolled Data

This means:
• Unfairness can be hidden
• Decisions are hard to explain
• Bias can affect millions of people

https://www.linkedin.com/pulse/why-fairness-ai-more-complex-than-youve-heard-dena-neek-l3zhc/



Two Scenarios
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Scenario 1: Medical Research on Heart Attacks

● A researcher builds a model to detect heart attacks.

● Model trained on medical records and labeled data of prior 
patients.

● Observes higher false negative rate for women.

11
https://tinyurl.com/22nv9suy

What could have gone wrong here?



Scenario 1: Addressing The Issue

● Hypothesis: Model lacks sufficient examples of heart attacks in 
women.

● Solution: Augment dataset with more data on women who 
experienced heart attacks.

● Result: Improved performance for
female patients.
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https://tinyurl.com/4a39xpek



Scenario 2: Hiring Lab Technicians

● A researcher builds a model to evaluate the candidates from their 
CVs.

● Model trained on CVs and human-assigned ratings.

● Notices women are less likely to be predicted
as suitable candidates.

13https://tinyurl.com/b3c8m4sk

What could have gone wrong here?



Scenario 2: Addressing The Issue

● Hypothesis: Model lacks sufficient women’s resumes.

● Solution: Attempts to collect more samples of women to add to the 
dataset.

● Result: Disappointment as model behavior
does not change.

14



What’s the Difference?

15

● The sources of issues were different in each scenario.

● Medical research issue: Lack of data on women, resolved by adding 
more data.

● Hiring issue: Human assessment bias, additional data did not help.

https://tinyurl.com/4k88kuvh



Sensitive Attributes 



Sensitive 
Attributes  
• Almost everywhere, we 

can find a list of 
variables that are 
considered, by law, as 
sensitive, since they 
could lead to 
discrimination. 

• Sensitive variable might 
change with time, and 
across regions… https://freakonometrics.hypotheses.org/71560

Arthur Charpentier (February 16, 2024). Fairness and discrimination, PhD Course, #7 
Sensitive attributes and proxies. Freakonometrics. Retrieved December 9, 2025 from 

https://doi.org/10.58079/vuwh



Racism

• The first sensitive attribute is 
probably the race.

• One should keep in mind that race is 
a social information, and most of the 
time, it is based on self-
identification

• Racism is usually related to 
“colourism” (discrimination based 
on skin tone)

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


• It has been observed 
that African Americans, 
in the U.S. were usually 
asked a higher insurance 
premium.

Racism



Color
• In the widely used 

HAM10000 medical image 
dataset: Less than 5% of 
images depict darker skin 
tones 

• Common conditions seen 
in black patients were 
missing entirely from the 
dataset 

• This imbalance creates 
racial bias in AI 
dermatology tools

Morales‐Forero, Andres, et al. "An insight into racial bias in dermoscopy repositories: A HAM10000 data set analysis." JEADV Clinical Practice 3.3 (2024): 836-843.



Sexism
• Sexism is another 

popular exemple of 
discrimination, related 
to sex, or gender.



Ageism
• Age is another possible 

sensitive attribute, but it is more 
complicated. First, it is not a 
“club” and second, it is 
(somehow) clearly related to 
risk.

• Mental Health in elderly 
receives far less attention 
compared to other age groups 
[1].

• Suicide prediction has been 
relatively well studied among 
younger populations yet 
remains understudied in older 
adults.

• This gap exists despite clear 
evidence that suicide risk is also 
significant among the elderly.

[1] Karlsson, Oliver, et al. "Suicide Prediction among Older Adults in Sweden using Survival Analysis and Sequential Machine Learning Models." Artificial Intelligence in Medicine and Healthcare (2025): 110.



Table showing the number of suicides and the number of suicides per 100,000 inhabitants divided by 
gender and age groups in 2023 in Sweden. 

Age group
Number of men 

(number of suicides among men per 100,000)
Number of women 

(number of suicides among women per 100,000)

15–29 138 (14) 69 (8)

30–44 223 (20) 81 (8)

45–64 300 (23) 128 (10)

65–84 222 (24) 84 (9)

85+ 55 (53) 18 (10)

Source: Cause of Death Register, National Board of Health and Welfare.

10 were children under the age of 15. 



Suicide Deaths in Sweden: 1,328 Lives Lost in 2023
According to statistics from Folkhälsomyndigheten (Swedish Public Health Agency)

WomenMen

385 Cases943 Cases

A further 289 cases were registered where there was suspicion of suicide, but where the intention could not be proven. 

71% 29%

Source: Cause of Death Register, National Board of Health and Welfare.



Ageism in 
Healthcare 
• In dataset, there can also 

be selection bias, related 
to the age. For instance, 
during the COVID 
pandemic, triage was 
based on the age of 
patients. Treatments and 
tests can be related to the 
age of patients. So, this 
bias will probably have an 
impact on observed risks.



Proxy 
Discrimination
• Even if you remove a sensitive attribute (like 

gender or race), the model can still reconstruct 
it indirectly using other variables that are 
correlated with it. As a result, discrimination can 
persist—or even look “legitimate” because the 
sensitive attribute is no longer explicit.

• Sensitive attributes leave “footprints” in the 
data

• Attributes such as gender, race, age, or ethnicity 
are often correlated with many other variables:

• Occupation
• Income
• Location
• Driving behavior
• Education
• Medical history
• Weight
• Height

• These variables act as proxies.



Models exploit 
Correlations, 
Not Intentions

• Machine-learning 
models are designed to:

maximize predictive 
accuracy using any 

available signal

• They don’t know what is 
“fair” or “ethical”.



Algorithmic Fairness



How To Mitigate Bias in ML Pipeline?

● Pre-processing
● In-processing
● Post-processing
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How To Mitigate Bias in ML Pipeline?

● Pre-processing
● In-processing
● Post-processing
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Pre-Processing Bias Mitigation

● Data collection

● Relabeling (reweighting) and perturbation

● Sampling

31



Data Collection

● Data collection is inherently costly.

● Minimizing data collection costs.

○ Acquire the least amount of additional data necessary.

○ Identify and add only essential data points.

32



Relabeling and Perturbation

● Adjusts or modifies the labels or features of data points to reduce bias.

● Relabeling (reweighting): change the labels for protected groups to balance outcomes.

● Perturbation: introduces small changes to features or labels to break biased patterns

33



Relabeling and Perturbation

● Relabeling: some females with higher education and long working hours are labeled as <=50K, while 

their male counterparts are labeled as >50K.

34



Relabeling and Perturbation

● Perturbation: add some noise into the gender attribute by randomly flipping the gender for a small 

percentage of individuals (e.g., 5%).

35



Sampling

● Modifies the distribution of training data, ensuring the model is trained on more balanced data

● Oversampling: duplicate instances from underrepresented groups.

● Undersampling: removes instances from overrepresented groups.

36
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Question for Reflection

In cases where collecting unbiased data is 
impractical or impossible, what are some ways to 
adjust model training or outputs to prevent harm?



How To Mitigate Bias in ML Pipeline?

● Pre-processing
● In-processing
● Post-processing

38



Adversarial Training for 
Fairness

Adversarial training for fairness aims to 
learn representations that support 

accurate predictions while preventing 
the model from encoding sensitive 

attributes.



Domain-Adversarial Neural Networks (DANN)

Ganin, Yaroslav, et al. "Domain-adversarial training of neural networks." Journal of machine learning research 17.59 (2016): 1-35.



DANN Architecture with Sensitive Attribute Predictors



DANN Architecture with Sensitive Attribute Predictors

Before:

After:



Federated 
Learning for 
Fairness

Federated learning for fairness 
trains models collaboratively on 
decentralized data to reduce bias 
while preserving privacy.



NVIDIA Research: First Privacy-Preserving Federated Learning System for Medical Imaging



Ezzeldin, Yahya H., et al. "Fairfed: Enabling group fairness in federated learning." Proceedings of the AAAI conference on artificial intelligence. Vol. 37. No. 6. 2023.

FairFed: Group fairness-aware FL framework

Federated learning (FL) can help improve AI fairness and reduce data bias in several keyways:

• Inclusive learning from diverse populations
• Privacy-preserving access to sensitive data
• Mitigation of geographic and institutional bias
• Fairness-aware local updates
• Continuous bias monitoring in dynamic settings



How To Mitigate Bias in ML Pipeline?

● Pre-processing
● In-processing
● Post-processing

46



XAI for Fairness

• XAI promotes 
transparency.

• Transparency enables 
bias detection.

• Bias mitigation can 
improve fairness.

XAI is not inherently a fairness technique — it 
is a tool that can support fairness auditing or 
bias detection. They don’t guarantee fair 
results, but they enable fairness evaluation.



https://www.topbots.com/interpretable-machine-learning/ 



When the Machine Learns Something Unexpected



Explain The 
Prediction
• Another issue with black 

boxes is that it might be hard 
to assess if they are related 
to sensitive attribute.

• In order to extract 
information in pictures, 
algorithms might use 
information that could be 
considered as sensitive.

• This can also be the case for 
health issues, where 
classifiers can be influenced 
by the color of the skin (or 
possibly some unexpected 
information!)

https://freakonometrics.hypotheses.org/71560



Counterfactual for 
Fairness

Counterfactual fairness is a notion of 
fairness where a model’s prediction remains 
the same in a hypothetical world in which an 

individual’s sensitive attributes (such as 
gender or race) were different, while all other 

factors are held constant.



Counterfactual Explanations: Definition 

"A counterfactual explanation of a prediction describes the 
smallest change to the feature values that changes the prediction 

to a predefined output."

52Christoph Molnar (Interpretable Machine Learning)



Bank account data:
• Age
• Credit_years
• # of credit cards
• Salary 
• people_liable
• …

Loan granted

Loan rejected

Decision makers: why this person was not eligible?
Person: What should I do next time to get the loan?
              what to do to flip the class??

f(x)

Counterfactual Explanations: Motivation

Applicant Predictive Model

Importance score

Salary

# of credit cards
people_liable

Credit_years

53



Loan granted

Loan rejected

Decision makers: why this person was not eligible?
Person: What should I do next time to get the loan?
              what to do to flip the class??

Counterfactual Explanations: Motivation

Applicant Predictive Model

Counterfactual 
Generation 
Algorithm

Increase your salary by 10K
And pay your credit cards on 
time for next 2 month

1. But which features are allowed to be changed?
2. What if the counterfactual analysis suggests that changing a sensitive 

attribute like gender would flip the decision?

54

f(x)

Bank account data:
• Age
• Credit_years
• # of credit cards
• Salary 
• people_liable
• …



Conclusion

• Modern AI systems are powerful, but they inherit biases present in 
data and society. 

• Understanding sensitive attributes is essential to detecting and 
mitigating unfair outcomes. 

• Building fair AI requires careful data practices, transparent 
models, and ongoing evaluation.



The End

• Thanks for Listening

• Any Questions?
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