
Lecture 25: Fairness in ML



ML DREAM

Predict for every user what they would like
Show Ads, products, news, . . .



ML DREAM

Predict for every user what they would like
Show Ads, products, news, . . .

What product would you like…



ML DREAM

Predict for every user what they would like
Show Ads, products, news, . . .

What news would you prefer to read…



ML DREAM

Predict for every user what they would like
Show Ads, products, news, . . .

Find the best job for you…



ML DREAM

For every user predict: Ads, products, news, . . .
Have tons of data to learn this task well
Have right models that can learn from all this data

With Big Data comes Bigger Responsibilities . . .



ML DREAM

For every user predict: Ads, products, news, . . .
Have tons of data to learn this task well
Have right models that can learn from all this data

With Big Data comes Bigger Responsibilities . . .



IS ML FAIR, IMPARTIAL?



IS ML FAIR, IMPARTIAL?



Can we make ML Fair?

• These are machine learning algorithms that learn to 
predict automatically 

• They are not designed to be unfair 

• Why is this happening? 

• How do we fix them?
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Raise in number of Data Scientists!
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WHY IS ML UNFAIR?

Data collection, labeling etc. can have unintentional biases

We learn from past data, historic biases

Data in itself nor algorithms explicitly know of social inequities
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Ignore all protected attributes.
Eg. Don’t look at race, gender etc.

Problem: You don’t need to look to be able to predict

Eg. User visits “www.artofmanliness.com”
. . . highly likely to be male
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EG. REAL VS FAKE NAMES

Biases are often not intentional . . .

Most training examples standard white American names: James,
John, Robert, Jennifer, Michael, . . .

Ethnic names often unique, much fewer training examples

Most ML models aim for accuracy for the majority at the expense of
mistakes on the smaller protected class
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FAIRNESS THROUGH AWARENESS

Population

T
c

T

Eg. Fraction of people shown high  
paying jobs in T and in T  is equalc

Demographic Parity
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• Is this good enough?

• Say there is this algorithm to select people to 
invite to apply for this exclusive, credit card 
with high annual fee

• One way to satisfy the demographic parity:

• Make offer to higher income people in the 
unprotected class

• Make offer to lower income people in protected 
class (in same proportion)

NOT REALLY FAIR!
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• Setup: 

• Variable T: indicated protected class or not

• Output variable O: Indicates our prediction or 
outcome

• Variable Y: indicates true/target/desired outcome 
(eg. Individual capable/qualified, individual can afford etc.)

Demographic Parity

P(O=1|T=1) = P(O=1|T=0)
Problem: when T=0, O can correlate with Y and if T=1, O can be random
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Equalized Odds

P(O=o|Y=y,T=1) = P(O=o|Y=y,T=0)
For all o, y in {0,1}

• O is independent of T given Y

• Proposed in Hardt, Price, Srebro 2016 and Zafar, 
Valera, Rodriguez, Gummadi (2016)

• Incentive to reduce error uniformly in all groups

Problem: Say in T, 2/100 people qualify and outside 50/100 qualify
Company can make 26 offers: 25 to qualifying people in T’ and 1 in T
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Sufficiency or Predictive Rate Parity

P(Y=y|O=o,T=1) = P(Y=y|O=o,T=0)
For all o, y in {0,1}

• Y is independent of T given O

• Equal chance of success(Y=1) given acceptance

• Proposed in Zafar et al (2017)

Problem: Same as equal odds
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• Turns out that other than degenerate cases, any 
two of the three criterion are mutually exclusive

• Chouldechova, 2016 and Kleinberg et al. 2016

• Demographic parity Vs Sufficiency: if T is dependent 
of Y.

• Demographic parity Vs Equal Odds: T is dependent of Y 
and O is dependent of Y.

• Equal Odds Vs Sufficiency: If T is dependent of Y



ACHIEVING FAIRNESS

• Preprocessing: While doing feature extraction, 
extract features that ensure independence of 
feature to T (Eg. Equal odds) 

• While training: Find model that minimizes training 
error subject to fairness constraints 

• Post-processing: Learn model as before on training 
data, as post processing use extra training data to 
learn a bias parameter to correct for fairness



On to the next social issue…



TRANSPARENCY IN ML

Another issue: ML methods are complex and we don’t
understand semantic meaning

We need transparency of method for accountability

Transparency via interpretability.
Provide explanation for each decision

What makes an instance a negative instance according to the
algorithm
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