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CS109: 
Fairness, Bias, Classification, 

& Independence
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Working towards fairness 
and equality is our 
ethical responsibility as 
computer scientists
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Fairness in Classification: What are the Stakes?
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Fairness in Classification: What are the Stakes?
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Fairness in Classification

10



“Quality of Service” 
Harms

“Quality-of-service harms can occur when a system 
does not work as well for one person as it does for 

another, even if  no opportunities, resources, or 
information are extended or withheld” (Crawford)
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Quality of Service Harms in Voice & Facial Recognition
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Fairness … with 
conditional 
independence!
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Definition of 
bias in 
computer 
systems

Nissenbaum:  we will use “bias to refer to 
computer systems that systematically and 
unfairly discriminate against certain 
individuals or groups of individuals in favor 
of others. 
A system discriminates unfairly if it denies 
an opportunity or a good or if it assigns an 
undesirable outcome to an individual or 
group of individuals on grounds that are 
unreasonable or inappropriate”
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Allocation Harms
Allocation harms can occur when AI systems unequally extend or withhold 
opportunities, resources, or information.

Quality of service harms can lead to allocation harms, for example if failure 
to diagnose a condition leads to lack of medical treatment.

What is a just distribution of outcomes for:
!Hiring
!Lending
!School admissions
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Three Formal 
Definitions of Fairness
Fairness through Unawareness
Fairness through Awareness: Independence
Fairness through Awareness: Separation
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Fairness through Unawareness
Motivating idea: “The way to stop discrimination on the basis of race is to 
stop discriminating on the basis of race” – Chief Justice Roberts

Note: Fairness through unawareness of some federally “protected 
categories” (subset of sensitive features) is legally required in domains like 
lending. 

How to do it:
1. Exclude the sensitive feature (race, gender, age, etc) from your dataset
2. (Recommended) Also exclude proxies for the sensitive feature (name, zip 
code)
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Case Study: Facebook Ads & Job/Housing Recommendations

Facebook creates “Lookalike” 
feature for advertisers: 

upload a “source list” and 
find users with “common 
qualities” to target ads, 

including for housing and 
jobs 

March 2018: National Fair 
Housing Alliance (NFHA) & 

other civil rights groups sue 
Facebook over violations of 

the Fair Housing Act

March 2019: As part of 
settlement, Facebook agrees 

not to use “age, gender, 
relationship status, religious 
views, school, political views, 
interested in, or zip code” in 
creating lookalike audience 
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New “Special 
Ad” Audiences 
Still Biased
Gender: Equally Biased

Age: Almost as Biased

Race: more difficult to measure 
given the tools provided but still 
somewhat biased

Political Views: Less Biased

Sapiezynski et. al 2019, 

https://sapiezynski.com/papers/s
apiezynski2019algorithms.pdf 19



Many Features = Accurate Group Prediction 
Sensitive attributes are often “redundantly encoded” in the dataset
Many of the features or datapoints are correlated with the sensitive attribute
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Procedural Fairness: 
Focuses on the decision-making or classification process, ensures that the 
algorithm does not rely on unfair features.

Distributive Fairness:
Focuses on the decision-making or classification outcome, ensures that the 
distribution of good and bad outcomes is equitable.  
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In what way is Fairness through Unawareness Fair? 
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Procedural Fairness: 
Focuses on the decision-making or classification process, ensures that the 
algorithm does not rely on unfair features.

In our case, Facebook increases procedural fairness by removing “age, 
gender, relationship status, religious views, school, political views, interested 
in, zip code” from algorithm that creates Lookalike/SpecialAd audiences.

Distributive Fairness:
Focuses on the decision-making or classification outcome, ensures that the 
distribution of good and bad outcomes is equitable.  

In our case, little increase in distributive fairness because the outcome 
does not change very much.
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In what way is “Fairness through Unawareness” Fair? 



Let’s Try Fairness 
Through Awareness!
Awareness of what?
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Independence & Demographic Parity 
Sensitive Attribute = A
Two groups = a or b 

Classifier Outcome or Score = R

The random variables (A, R) satisfy independence for binary classification 
(which we will study more later!) if:

• P(R=1|A=a) = P(R=1|A=b)

• E.g. acceptance rate should be the same for all groups
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Relaxed Independence Condition
Another US legal standard is “disparate impact,” also known as the 80% 
rule.  
"Imagine people from group A and group B apply to a job.  
"The percentage accepted from group B must be at least 80% of the 
percentage from group A accepted. 

where ε = 0.2.
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This table is sometimes called a “confusion matrix”
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False Positives and False Negatives

Condition y = 1 Condition y = 0

Event ŷ = 1 True positive False positive

Event ŷ = 0 False Positive False Negative
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= CAT! (True positive)
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False Positives and False Negatives

Condition y = 1 Condition y = 0

Event ŷ = 1 True positive False positive

Event ŷ = 0 False Positive False Negative
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= CAT! (False Positive)
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False Positives and False Negatives

Condition y = 1 Condition y = 0

Event ŷ = 1 True positive False positive

Event ŷ = 0 False Positive False Negative
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Motivating idea: in some cases, a sensitive attribute is correlated with the 
target. Separation criterion allows correlation between the score and the 
sensitive attribute to the extent that it is justified by the target variable.
Definition: Random variables (R,A,Y) satisfy separation if R⊥A∣Y (⊥ is 
conditionally independence)

Separation means that the true positive and false positive rates for both 
groups will be equal.
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Fairness through Separation



Thank you!
Office Hours: https://calendly.com/kathleencreel
Email: kcreel@stanford.edu
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