
Causal Inference from 
Observational Data

Shalmali Joshi
Vector Institute



•

•

•

 Based on Uri Shalit’s slides, 2018



●

●

●

●



Do we really want to learn p(death by drowning| # ice-creams)?



Questions:
1. Does eating ice-cream cause 

death by drowning? 

2. Is something else causing both 
these phenomena

3. Could we realistically have 
some randomly chosen 
humans eat lots of ice-cream 
and see if what happens?

4. In a healthcare setting, one 
cannot risk death because of 
the treatment!

Confounding!
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Gender Treatment Y0: Sugar levels
had they 
received 

treatment 0

Y1: Sugar levels
had they 
received 

treatment 1

Y:
Observed sugar levels

M 0 8 10 8

M 0 8 10 8

M 0 8 10 8

M 1 8 10 10

F 0 4 6 4

F 1 4 6 6

F 1 4 6 6

F 1 4 6 6





Within each group 
we get the true 
treatment effect!





They work because it allows to 
get expectations from 
observations!



Gender Treatment Y0: Sugar levels
had they 
received 

treatment 0

Y1: Sugar levels
had they 
received 

treatment 1

Y:
Observed sugar levels

M 0 8 10 8

M 0 8 10 8

M 0 8 10 8

M 1 8 10 10

F 0 4 6 4

F 1 4 6 6

F 1 4 6 6

F 1 4 6 6





No Unmeasured 
Confounding! Or 
Ignorability











Not Covered: Propensity Score Matching





● Turn the sprinkler on, 
please

● We removed the 
association between 
season and sprinkler

● We are now in a new 
world, where the 
sprinkler is set to on

● This is the 
do-operator
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● Supervised learning has limitations
● RCTs are expensive AND limited
● Ergo, think causally especially for clinical data
● Pearl’s and Rubin’s frameworks provide 

foundational formalism for causal effect 
estimation

● Not all effects are identifiable
● Most research questions cater to how to relax 

all the assumptions we made along the way!


