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An Example

• Correlation vs.

Causality
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Why is Causality Hard?

• No single definition

• No fail-proof method for finding it

• Observational data
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Why is Causality Hard?

There are different frameworks for causality -

• For time-series data: Granger causality

• Potential Outcomes / Counterfactuals framework

• Pearl’s structural equation models - causal graph models

• Additive models, Dawid’s decision-oriented approach,

Information Geometry, . . .
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Independence of Random Variables
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Independence of Random Variables

Suppose correlation is 0, no causal link between the features, right?
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Independence of Random Variables

Suppose correlation is 0, no causal link between the features, right?

Uncorrelation doesn’t imply independence!
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Joint PDF and Independence
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Joint PDF and Independence
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Directed Graphical Models

• Given data on A,B,C we

can estimate the joint

PDF P(A,B,C )

• See if it factorizes as

P(A,B,C ) =

P(A)P(B|A)P(C |B) i.e.

has some conditional

independencies.

• A directed graphical

model describes all

distributions that have a

given set of conditional

independencies.
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Smoking Causes Cancer
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Universe 1
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Universe 2
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How to find the Causal Direction?
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How to find the Causal Direction?

• Is it impossible to find true causal direction from observational

data for two random variables.

• Interventions required to fill the gap
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Intervention - Force People to Smoke
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Intervention - Force People to Smoke
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Interventions Are Not Always Possible

”You are giving dying people sugar pills?”
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More Variables

19



More Variables
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Next Steps?

• PC Algorithm

• NCC Algorithm

• SAM

• . . .
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https://www.stat.cmu.edu/~cshalizi/uADA/12/lectures/ch25.pdf
https://arxiv.org/pdf/1605.08179.pdf
https://arxiv.org/abs/1803.04929


ML in Practice

https://xkcd.com/1838/
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https://xkcd.com/1838/


Racist Robots in the News
Nikon S630



Facial 
Recognition 

Software 
Is Bad At 

Identifying 
Darker 

Skinned 
People



ProPublica’s
Study of 

NorthPointe
Software



Fairness
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Bias in Computer Systems

The primary sources of bias -

• Pre-existing bias - from social institutions, practices, and

attitudes

• Technical bias - from technical constraints or considerations

• Emergent bias - from context of use
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How to define Fairness?

• Probabilistically

• Lots of fairness definitions

• Decisions should be in some sense probabilistically independent

of sensitive feature values (such as gender, race)
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Lot of Parity Definitions

(Probabilistic definitions of different kinds of fairness)

• Demographic parity

• Accuracy parity

• True positive parity

• False positive parity

• Positive rate parity

• Precision parity

• Positive predictive value parity

• Negative predictive value parity

• Predictive value parity

• . . .
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Lot of Parity Definitions

(Probabilistic definitions of different kinds of fairness)

• Demographic parity: The output of the classifier does not

depend on the sensitive attribute (e.g., gender, race,

education level, etc.) P(C |A = 0) = P(C |A = 1)

• Accuracy parity

• True positive parity

• False positive parity

• Positive rate parity

• Precision parity

• Predictive value parity

• . . .
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Lot of Parity Definitions

(Probabilistic definitions of different kinds of fairness)

• Demographic parity

• Accuracy parity: The accuracy of the classifier does not

depend on the sensitive attribute (e.g., gender, race,

education level, etc.) P(C = Y |A = 0) = P(C = Y |A = 1)

• True positive parity

• False positive parity

• Positive rate parity

• Precision parity

• Predictive value parity

• . . .
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Some Definitions

• X contains features of an individual (e.g., medical records)

• A is a sensitive attribute (e.g., race, gender, . . . )

• Y is the true outcome (the ground truth, e.g., whether a

patient actually has cancer)

• C is the machine learning algorithm that uses X and A to

predict the value of Y (e.g., predict whether the patient has

cancer)

29



Some Simplifying Assumptions

• The sensitive attribute A divides the population into two

groups a (e.g., whites) and b (e.g., non-whites)

• The machine learning algorithm C outputs 0 (e.g., predicts

not cancer) or 1 (e.g., predicts cancer)

• The true outcome Y is 0 (e.g., not cancer) or 1 (e.g., cancer)
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Impossibility Results

• Assume differing base rates - i.e., Pra(Y = 1) 6= Prb(Y = 1)−
and an imperfect machine learning algorithm (C 6= Y ), then
you can not simultaneously achieve

a) Precision parity: Pra(Y = 1|C = 1) = Prb(Y = 1|C = 1)

b) True positive parity: Pra(Y = 1|C = 1) = Prb(Y = 1|C = 1)

c) False positive parity: Pra(C = 1|Y = 0) = Prb(C = 1|Y = 0)
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An Algorithm

Train an algorithm on the X variables to predict Y - Fairness

through Unawareness
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An Algorithm

Train an algorithm on the X variables to predict Y - Fairness

through Unawareness - Features in X could be correlated with

A!
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Counterfactual Fairness

• A causality-based notion of fairness

• Uses causal graph to determine which attributes are affected

when the sensitive attribute is changed

• Attributes affected by the sensitive attribute should be

excluded by the learning algorithm to make the model

counterfactually fair
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Counterfactual Fairness
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Further Reading

• Counterfactual Fairness Lecture

• Fair ML UC Berkeley Course

• Fair ML Book
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https://www.youtube.com/watch?v=psA4U6nhZ70&t=621s
https://fairmlclass.github.io/
https://fairmlbook.org/
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